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Abstract

Radiomics in nuclear medicine is rapidly expanding. Reproducibility of radiomics studies in multicentre settings is an important
criterion for clinical translation. We therefore performed a meta-analysis to investigate reproducibility of radiomics biomarkers in
PET imaging and to obtain quantitative information regarding their sensitivity to variations in various imaging and radiomics-
related factors as well as their inherent sensitivity. Additionally, we identify and describe data analysis pitfalls that affect the
reproducibility and generalizability of radiomics studies. After a systematic literature search, 42 studies were included in the
qualitative synthesis, and data from 21 were used for the quantitative meta-analysis. Data concerning measurement agreement
and reliability were collected for 21 of 38 different factors associated with image acquisition, reconstruction, segmentation and
radiomics-specific processing steps. Variations in voxel size, segmentation and several reconstruction parameters strongly
affected reproducibility, but the level of evidence remained weak. Based on the meta-analysis, we also assessed inherent
sensitivity to variations of 110 PET image biomarkers. SUV ,can and SUV . were found to be reliable, whereas image bio-
markers based on the neighbourhood grey tone difference matrix and most biomarkers based on the size zone matrix were found
to be highly sensitive to variations, and should be used with care in multicentre settings. Lastly, we identify 11 data analysis
pitfalls. These pitfalls concern model validation and information leakage during model development, but also relate to reporting
and the software used for data analysis. Avoiding such pitfalls is essential for minimizing bias in the results and to enable
reproduction and validation of radiomics studies.
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Introduction values, usually presented as standardized uptake values

(SUV), can be compared between repeated measurements,
Positron-emission tomography (PET) imaging is increasingly =~ between different scanners, as well as between centres in
used in a quantitative manner. This requires that intensity =~ multicentre trials. In other words, PET imaging should be
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repeatable and reproducible [1]. In the context of radiomics,
repeatability and reproducibility are extended beyond the
measurement of mean or maximum SUV to a larger set of
image biomarkers. Reproducible image biomarkers do not
by themselves guarantee that a radiomics study is reproducible
[2]. Most radiomics studies involve data analysis to create
prediction models. Several pitfalls need to be avoided to en-
sure that a model can be successfully used and validated.

Thus, this article is divided into two parts. In the first part,
reproducibility of image biomarkers is discussed on the basis
of a systematic literature review with a meta-analysis. The
second part addresses data analysis and its pitfalls.

Reproducibility of image biomarkers

The most commonly studied image biomarkers in nuclear
medicine are mean and maximum SUV of the PET tracer
"E_FDG [3]. Factors that affect the reproducibility of these
biomarkers are well understood [4]. Consequently, harmoni-
zation guidelines have been formulated to ensure good re-
producibility of mean and maximum SUV in multicentre
studies [5]. All of the factors that affect mean and maximum
SUV also affect the wider range of image biomarkers used in
radiomics. In addition, factors related to radiomics-specific
image processing and image biomarker computation play a
role. Figure 1 shows an overview of a typical radiomics
workflow and the factors involved at various stages in the
process.

Multiple recent literature reviews have offered a qualitative
overview of these factors [6-9]. In this article, we aggregated
and quantified evidence for the influence of variability in the
various factors on image biomarker reproducibility and deter-
mined the inherent sensitivity of image biomarkers to variabil-
ity through a systematic review and meta-analysis of the avail-
able literature [10, 11]. The methodology of the systematic
review is presented fully in Supplementary note 1. In brief,
PubMed was searched for reports involving PET or SPECT

image
acquisition

image

patient .
reconstruction

E
o
b
[}
2

« reconstruction method

« number of iterations

« number of subsets

* Gaussianfilter width

« partial volume corrections

« voxel dimension difference
« voxel harmonisation (rec.)

« disease type and site « tracer uptake time
« injected tracer activity « scan duration
« competing substance levels « 4D breathing frames
« tumour motion « static 3D vs. gated 4D
« breathing patterns « static vs. dynamic
« scanner differences
« test-retest repeatability

investigated factors

Fig. 1 Typical PET imaging and radiomics workflow. Each step has
associated factors which have been investigated for their effect on
image biomarker reproducibility. Note that most radiomics studies to
date have been retrospective. In such datasets, variation in factors for
the steps from patient to reconstruction — that are part of conventional
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imaging that focused on the repeatability and reproducibility
of image biomarkers. Additional reports were added based on
recent reviews [6—9]. After screening abstracts, 57 full-text
articles were assessed for eligibility, and 42 were included in
the qualitative synthesis. No reports on SPECT imaging were
found. '®F-FDG was used as the PET tracer in most (36)
studies. Results from studies performed in human subjects or
anthropomorphic phantoms were eligible for meta-analysis
when Bland-Altman metrics [12] and/or within-subject coef-
ficients of variation (CV) were used to assess agreement, or
when intraclass correlation coefficients (ICC) [13] were used
to assess reliability. Agreement and reliability are not the same
concept, and were therefore assessed separately [14, 15].
Values for proportional variability (PV) of the Bland-Altman
analysis, CV and ICC were either extracted directly from eli-
gible reports, or requested from the investigators when this
was not possible. Data from 21 reports were included in the
meta-analysis. The PRISMA flow diagram is shown in
Supplementary Fig. 1. The factors and the corresponding stud-
ies are presented in Table 1.

Meta-analysis

For the meta-analysis, metric values were transformed using a
logarithmic transformation before fitting a linear model to
estimate coefficient values for each factor and each image
biomarker. The 95% credibility interval was likewise deter-
mined for each coefficient. After fitting, coefficients were
transformed back to the original scale, where they acted as
multipliers. As a multiplier, a value of 1.0 is optimal, as it
indicates lack of sensitivity due to variation in a factor or lack
of inherent sensitivity of an image biomarker. Higher values
indicate increasing sensitivity and decreasing reproducibility.
Moreover, the quality of the evidence for each coefficient was
assessed using a scoring system based on the number of in-
volved studies and the study quality. For this purpose, the
quality of each study was assessed using a list of ten items,
as shown in Supplementary note 4. The quality of evidence for

image image
rocesgsin biomarker
P 9 computation

« SUV normalisation « texture parameters, e.g.:
« image interpolation method  * matrix aggregation

- voxel harmonisation (intp.) ~ * neighbourhood size

« discretisation method « distance norm

« discretisation levels « radiomics software

« added noise sensitivity

PET imaging workflows — cannot be directly mitigated. Modelling has no
effect on reproducibility of image biomarkers, although it does affect
reproducibility and generalizability of the study (rec. reconstructed, intp.
interpolated)
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Table 1 Overview of factors affecting reproducibility of image biomarkers that were assessed as part of the literature review
Factor Number of studies selected References
Qualitative synthesis Meta-analysis
Total High quality Total High quality
Patient
Disease type and site - - - - -
Injected tracer activity 1 1 0 0 [16]
Competing substance levels - - - - -
Tumour motion 2 0 0 [17, 18]
Breathing patterns 1 1 0 0 [17]
Image acquisition
Tracer uptake time 2 2 0 0 [19, 20]
Scan duration 2 0 2 0 [217, 227 23, 24]
4D breathing frames 3 1 1 0 [18%, 25, 26]
Static 3D vs. gated 4D 4 1 2 1 [18, 227 25% 26]
Static vs. dynamic 1 1 1 1 [27]
Scanner differences 1 1 0 0 [28]
Test—retest repeatability 8 2 7 2 [29° 30, 317, 327, 33% 34%, 357 36%]
Image reconstruction
Reconstruction method 10 4 4 2 [217, 23, 24, 30, 31%, 35, 37°, 38, 39, 40%]
Number of iterations 6 3 3 2 [16,21%, 24, 317 38, 40%]
Number of subsets 2 1 1 1 [24, 31%]
Gaussian filter width 8 3 3 2 [16, 217, 24, 30, 317, 38, 407, 41]
Partial volume corrections 1 1 1 1 [42%]
Voxel dimension difference 7 3 3 2 [217, 24, 30, 317, 38, 407 43]
Voxel harmonization (rec.) 1 1 1 1 [259]
Segmentation
Delineation variability 3 3 1 [19, 20, 32% 44% 45, 46
Segmentation method 14 9 5 4 [17, 25,317 35,37% 39, 41, 42% 43, 45, 47 48, 49%, 50]
Image processing
SUV normalization - - - - -
Image interpolation method 1 0 0 0 [51]
Voxel harmonization (intp.) 3 2 1 1 [25% 28, 51]
Discretization method 6 4 0 0 [23, 25, 29, 35, 52, 53]
Discretization levels 12 5 3 2 [25, 29, 33, 36, 37°, 41, 47%, 48, 49, 51, 527 54]
Added noise sensitivity 1 0 0 0 [55]
Feature computation
Texture matrix aggregation 2 1 1 1 [54, 56
CM symmetry 1 1 1 1 [56]
CM distance 1 1 1 1 [56]
SZM distance 1 1 1 1 [56%]
DZM distance - - - -
DZM distance norm - - - - -
NGTDM distance 1 1 1 1 [56%]
NGLDM distance - - - - -
NGLDM coarseness - - - - -
Radiomics software 1 1 0 0 [57]
Complementarity 12 8 0 0 [20, 23, 25, 29, 30, 36, 42, 47-49, 53, 54]

CM co-occurrence matrix, DZM distance zone matrix, NGLDM neighbouring grey level dependence matrix, NGTDM neighbourhood grey tone
difference matrix, SZM size zone matrix, rec. reconstructed, intp. interpolated

*Studies included in the meta-analysis

a factor or image biomarker was absent, weak (0), moderate
(+) or strong (++).

Figure 2a shows the sensitivity caused by variation in fac-
tors included in the meta-analysis. Of all 38 factors assessed,
31 were evaluated in at least one study and data from 21 were
included in the meta-analysis. The level of evidence for fac-
tors in the meta-analysis was considered weak due to the low
number of studies, with the single exception of test-retest
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repeatability, for which evidence was deemed moderate.
Values for the coefficients on both the logarithmic and original
scales and the corresponding 95% credibility intervals are
shown in Supplementary Tables 5-7.

Figure 2b—d shows the inherent sensitivity of image bio-
markers. All 174 image biomarkers defined in the IBSI refer-
ence manual [58] were assessed, and 110 were included in the
meta-analysis. Values for the coefficients on both the
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logarithmic and original scales and the corresponding 95%
credibility intervals are found in Supplementary Tables 8—10.

Acquisition factors

Scan duration was the only acquisition factor with data in the
meta-analysis. Variation in scan duration had a non-negligible
influence on agreement (PV 1.89, 1.05-4.12, quality of evi-
dence o; CV 2.93, 2.06-4.18, quality of evidence o).
However, the range of scan durations assessed varied between
studies: 1 and 3 min [21] and 2 and 6 min [22] per bed posi-
tion. The question as to whether there is a recommended min-
imum scan duration to ensure overall reproducibility of image
biomarkers remains unanswered, but note the relevant guide-
lines [5].

Both Lovat et al. and Manabe et al. assessed the influence
of variations in tracer uptake time [19, 20]. Lovat et al. com-
pared scans with uptake times of 101.5+15.0 and 251.7 +
18.4 min, whereas Manabe et al. compared scans with uptake
times of 60 min and 75 min, but for image biomarkers derived
from a polar map. The findings from the two studies are there-
fore not applicable to typical '*F-FDG PET tumour imaging
studies, for which an uptake time of 60 min is recommended,
with a range of 55—75 min [5]. Neither study was included in
the meta-analysis.

Test-retest repeatability

In test-retest experiments, a human subject or phantom is
scanned twice within a time interval of minutes to days.
Each scan uses the same acquisition and reconstruction proto-
col. Interestingly, test—retest affects agreement between bio-
marker values from both scans more than their reliability (PV
3.80, 3.03-4.8, quality of evidence +; ICC 1.018, 1.001-
1.044, quality of evidence +). This indicates that even though
variability in differences between biomarker values between
scans is substantial, this variability is small compared to
intersubject variability.

Reconstruction factors

The evidence for the effect of reconstruction parameters is
weak. Variation in the number of subsets for iterative recon-
struction appears to be unimportant (CV 1.08, 1.00-1.32,
quality of evidence o), but variation in the choice of recon-
struction method (PV 2.86, 2.12-3.93, quality of evidence o;
CV 2.30, 1.90-2.84, quality of evidence o), number of itera-
tions (CV 1.81, 1.49-2.22, quality of evidence o) and width of
the Gaussian filter used for postreconstruction smoothing (CV
2.23, 1.83-2.75, quality of evidence o) do affect agreement.
The strongest effect was produced by variations in matrix size
(CV 3.63, 2.99-4.47, quality of evidence o). The effect of
reconstruction factors on measurement reliability was only

determined for variations in reconstruction method, for which
it appears to be an important factor as well (ICC 1.071, 1.004—
1.273, quality of evidence o). Ideally, reconstruction parame-
ters are kept the same for all imaging data in a radiomics study.
In particular, one should be cautious when conducting a
radiomics study where PET imaging with and without point
spread function (PSF) modelling are mixed. Lasnon et al. in-
dicated that applying a Gaussian filter to a PSF-reconstructed
image may reduce differences in such cases [39].

Segmentation factors

All radiomics image biomarkers are computed from a volume
of interest that is defined on the PET image. Aside from man-
ual segmentation, a number of autosegmentation methods
have been devised that allow either semiautomated or fully
automated delineation [59]. According to the meta-analysis,
variation in delineation methods affected measurement agree-
ment (PV 2.36, 1.85-3.09, quality of evidence o; CV 2.92,
2.31-3.71, quality of evidence o) and to a lesser extent reli-
ability (ICC 1.033, 1.004-1.076, quality of evidence o). This
is likely due to the fact that the segmentation produced dif-
fered between the methods [60-63]. To avoid this effect, it is
recommended that a single method be used consistently across
the entire dataset.

Ideally, the chosen segmentation method is both accurate
and robust. Manual segmentation for radiomics should be
avoided when possible, as delineation variability between dif-
ferent experts can have a significant effect on agreement be-
tween measurements (PV 3.09, 2.33—4.10, quality of evidence
0). However, the effect of delineation variability on measure-
ment reliability appeared to be insignificant (ICC 1.003,
1.000—-1.015, quality of evidence o). In a recent MICCAI
challenge, a number of teams tested automated segmentation
algorithms [64]. A convolutional neural network-based meth-
od was found to outperform the other methods. Threshold-
based techniques were found to perform comparatively poor-
ly. However, Bashir et al. found that semiautomatic threshold-
based methods lead to the best reproducibility of image bio-
markers when used by different observers [44].

Harmonizing voxel sizes

Differences in voxel size substantially affected measurement
agreement (CV 3.63, 2.99-4.47, quality of evidence o). There
are two ways to reduce this effect, namely through reconstruc-
tion to the same voxel dimensions or by image interpolation.
In most situations, re-reconstruction is not possible due to the
lack of access to raw data, but image interpolation is possible.
Harmonizing voxel sizes was assessed in three studies. Carles
et al. compared 3D PET images with 4D PET and found that
agreement improved through both reconstruction and image
interpolation [25]. Reconstruction reduced fixed biases in
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Fig. 2 Sensitivity to variance in
factors associated with imaging
and radiomics workflow (a), and
inherent sensitivity of image
biomarkers (b—d). Proportional
variability (PV) and within-
subject coefficient of variation
(CV) are measures of agreement
between image biomarkers,
whereas the intraclass correlation
coefficient (/CC) is a measure of
reliability. Sensitivity was esti-
mated on a logarithmic scale from
a linear fit with the factor and the
image biomarker as predictor
variables and the transformed
metric as response variable. For
comparability of the sensitivity
scale between metrics, all esti-
mated coefficients were standard-
ized by dividing by the mean co-
efficient value of a subset of nine
image biomarkers
(Supplementary note 1). For each
factor and image biomarker, the
estimated coefficient is shown on
the original metric scale (as a
multiplier) together with the
quality of evidence (o weak, +
moderate, ++ strong). IBSI no-
menclature is used for image bio-
markers: CM grey level co-
occurrence matrix, IS/IH
intensity-based statistics and in-
tensity histogram, /VH intensity-
volume histogram, L/ local inten-
sity, morph morphology, NGLDM
neighbouring grey level depen-
dence matrix, NGTDM
neighbourhood grey tone differ-
ence matrix, RLM grey level run
length matrix, SZM grey level size
zone matrix, rec. reconstructed,
intp. interpolated
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particular. Reuzé et al. assessed harmonization through inter-
polation based on comparisons between two cohorts with dif-
ferent scanners and different acquisition and reconstruction
protocols using a statistical test, which complicates interpre-
tation of the findings [28]. Yip et al. did not perform a com-
parison with unharmonized settings [51]. Therefore the extent
to which voxel size harmonization increases agreement and
reliability cannot be stated with certainty.

The influence of variation in voxel size has been studied
more extensively in CT imaging [65—67], where voxel size
harmonization was found to be beneficial.

Respiratory motion

Volumes of interest located in the thoracic region may be
sensitive to respiratory motion. Gated (4D) PET is used to
limit the effect of motion blurring. Current evidence suggests
that tumour motion has limited effects on measurement agree-
ment (PV 1.33, 1.03-1.92, quality of evidence o), which was
also the conclusion reached by Lovinfosse et al. [7]. The dif-
ference in image biomarker values between frames of 4D
imaging is also probably small (CV 1.29, 1.01-2.26, quality
of evidence o).

Discretization

Discretization is used to decrease the sparsity of the intensity
histogram, and consequently that of texture matrices. Fixed
bin number and fixed bin size discretization are the most com-
monly used methods. There are other methods such as Max—
Lloyd discretization and histogram equalization, but these are
rarely used in PET radiomics. Fixed bin number discretization
(relative discretization in reference [8]) is based on the range
of SUV intensities found in the volume of interest, with low
SUVs corresponding to low bin numbers and high SUVs cor-
responding to high bin numbers. Hence bin width (in SUV)
and SUV range may vary between images in a cohort, even
though the number of bins is consistent. Fixed bin size
discretization (absolute discretization in reference [8]) creates
regularly spaced bins. Hence, the bin width is consistent be-
tween images, but the number of bins in the volume of interest
and their offset may vary. Both methods have a discretization
level parameter, i.e. the number of bins for the fixed bin num-
ber method and the bin width in SUV for fixed bin size.
Variability due to different discretization levels has a consid-
erable influence on reliability (ICC 1.182, 1.143—-1.224, qual-
ity of evidence o).

As both methods have their particular advantages and dis-
advantages [52, 53], they should not be treated as equivalent.
The level of discretization can, moreover, determine comple-
mentarity with, for example, volume [53, 54] and maximum
SUV [53]. Hence, an image biomarker should be considered

to consist of the discretization method and level, in addition to
its scale and base feature definition [58].

Texture parameters

Many image biomarkers are determined from texture matri-
ces, which capture spatial relationships between neighbouring
voxels. All texture matrices require one or more specific pa-
rameters for computation. The effect of variation in texture
parameters on reproducibility of image biomarkers in PET
was only extensively reported by Lv et al. [56]. Some texture
parameters are important, such as size zone matrix distance
(ICC 1.114, 1.016-1.227, quality of evidence o), texture ma-
trix aggregation (ICC 1.087, 1.026—1.156, quality of evidence
0) and neighbourhood grey tone difference matrix distance
(ICC 1.087, 1.005—-1.273, quality of evidence o). Others were
found to be generally unimportant; for example, co-
occurrence matrix distance (ICC 1.034, 1.002—-1.105, quality
of evidence o) and symmetry (ICC 1.022, 1.001-1.079, qual-
ity of evidence o). Variability in such parameters is easy to
avoid, but requires proper reporting.

Software

Different software tools can produce noticeably different
values for the same image biomarker [57, 68]. Minimizing
such differences is one of the objectives of the IBSI. At the
start of the IBSI, participating teams only managed to produce
consensus values for <25% of the image biomarkers, but man-
aged to improve consensus over time [69, 70]. Hence, it is
expected that variance due to software will no longer be im-
portant after image biomarkers have been standardized.

Image biomarkers

The inherent sensitivity of image biomarkers generally
exceeded the sensitivity caused by variation in the various
factors assessed above. Of the assessed image biomarkers that
had a strong (++) quality of evidence, the most reliable were
meanys (SUV jean) and maximumyg (SUV,,,,) with ICCs of
1.057 (1.003-1.162) and 1.057 (1.003—1.159), respectively.
The least reliable biomarkers with strong evidence were small
zone emphasisgzy and small zone low grey level
emphasisszy with ICCs of 1.411 (1.206-1.662) and 1.451
(1.240-1.712), respectively. When image biomarkers with
moderate (+) quality of evidence were included, the set of
the most reliable biomarkers included energy;s (ICC 1.051,
1.002—-1.180), followed by mean;g and maximumyg. Inclusion
of biomarkers with moderate quality of evidence added
busynessygtpm (ICC 1.804, 1.335-2.488) and run length
variancery v (ICC 1.951, 1.427-2.687) to the set of least reli-
able biomarkers mentioned above.
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The most reliable image biomarkers were not necessarily
those that had the best agreement between measurements.
Ranking image biomarkers with moderate or strong quality
of evidence according to agreement metrics, mean;g and
maximum;g were placed 14th and 7th, respectively, of 42
biomarkers. The evidence for agreement of energy;s was
weak.

The expected values for agreement of mean;s and
maximum;g under test-retest conditions were similar to those
found in the meta-analysis performed by Lodge [3], with PV
12.6% (7.0-22.1%) vs. 14.1 (5.6-22.6%) for mean;g and PV
7.6% (3.5-15.3%) vs. 15.5% (6.3-24.7%) for maximumyg.
Some reviews have summarized sensitivity according to bio-
marker family [7, 9]. The current meta-analysis suggests that
this approach ignores considerable differences between image
biomarkers within a single family. For example, mean;g and
kurtosis;g belong to the same family, but differ in agreement
and reliability. The issue of nomenclature has been brought up
previously [6]. The IBSI has standardized naming of bio-
markers and devised a nomenclature system which should
help resolve this issue [58].

Data analysis for reproducible radiomics

Image biomarkers are used to assess an outcome of interest. In
some cases, this assessment is straightforward. For example,
the presence of abnormal '*F-FDG uptake in lymph nodes
may indicate nodal spread of cancer. However, in most
radiomics studies the assessment is more complex and re-
quires the application of machine learning methods to create
statistical models. Machine learning is primarily used to select
the information that is important for the problem at hand (fea-
ture selection) and to capture this information in a model that
allows prediction from new data (model training). The algo-
rithms that perform the latter step are called learners.

The main objective of modelling is to create models that are
both relevant and predict well from multiple new datasets. The
latter aspect is called generalizability [71]. Generalizable
models can be reliably used in different centres with compa-
rable patient populations. Thus, assessing generalizability is
important for providing an indication of the external reproduc-
ibility of the results, and is usually done by comparing the
predictive performance of models between development and
validation datasets. A development dataset contains the data
that are used to create the model, whereas a validation dataset
contains data that are new and were not used during develop-
ment. Good generalizability exists when model performance
is comparable between the development and validation
datasets.

Model validation can be internal or external [72]. In inter-
nal validation, the dataset is resampled using bootstrapping or
cross-validation techniques. These methods split the available
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data into a development set and a validation set [73]. In exter-
nal validation, one or more entirely separate datasets are used,
which for example come from different clinical centres or
studies. A special case of external validation omits the devel-
opment dataset entirely, and instead validates an externally
developed model. External validation gives a stronger indica-
tion of generalizability than internal validation [72]. An over-
view of data analysis strategies is shown in Fig. 3a.

A short introduction to modelling

Many radiomics studies specifically involve supervised learn-
ing, where the outcome of interest is available during model
development. Some background with regard to the different
steps involved in modelling is required before addressing the
pitfalls that affect the soundness of the results, generalizability
and reproducibility. For more detailed information, textbooks
such as Hastie et al. [74] and James et al. [73] are recommend-
ed. An overview of modelling steps is shown in Fig. 3b.

Modelling step 1: data preparation

In supervised learning, data consist of predictor variables
(features) and a response variable. Sample/subject and batch/
cohort identifiers may also be present. In radiomics, predictor
variables are image biomarkers and the response variable cor-
responds to the outcome of interest. The outcome of interest is
typically either a categorical variable (e.g. disease yes or no,
treatment response or tumour grade good or poor), or a time-
to-event variable (e.g. overall survival, disease-free survival)
that combines time with an event status.

Data preparation is required to facilitate processing and
model development, and may include steps such as transfor-
mation, normalization and missing value imputation [75].
Methods used during model development may assume that
features follow a normal distribution. Thus, a feature may
require transformation to fulfil this assumption. A numerical
feature — which most radiomics features are — can often be
transformed to follow a normal distribution. Common trans-
formations are Box—Cox power transformation [76] or the
more recent Yeo—Johnson power transformation [77].
Whereas transformations affect the distribution of feature
values, normalization affects the value range. Many learners
require a standardized value range to function properly, which
can be obtained through normalization. Typical methods in-
clude standardization, which centres values on 0 by
subtracting the mean and scales the range by dividing by the
standard deviation, and rescaling, which constrains feature
values to [0,1] or [-1,1] by dividing a feature by its value
range.

Some samples in the data may be missing values for one or
more features. Missing values are rarely encountered in
radiomics, as features are computed from images, and patients
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without imaging are usually excluded. However, the inclusion
of clinical data, such as patient age, weight and comorbidities,
may introduce incomplete data into the data analysis. Missing
values cause issues from both a statistical and an operational
point of view. From the statistical point of view, simply omit-
ting all samples with missing data may bias the results [78].
From an operational perspective, missing values are problem-
atic because many computational methods expect complete
data and will simply fail to work if data are incomplete.
Hence, missing data require imputation, for which various
methods have been developed [79, 80].

Data preparation may also include steps that aim to reduce
batch effects. In radiomics, batch effects may be caused, for
example, through variations in scanners, and acquisition and
reconstruction parameters throughout a dataset. Batch effects
are likely to be present in multicentre studies, and should be
accounted for. Orlhac et al. investigated and validated a batch
effect correction method to harmonize multicentre radiomics
studies in PET [81, 82]. The suggested ComBat algorithm
[83] has recently been used in other radiomics studies for
external validation [84, 85]. A simpler algorithm for batch
normalization, that is cohort-wise standardization, has also
recently been assessed for radiomics [86].

In addition to the above, class imbalances can be addressed
during data preparation. Class imbalances can, for example,

occur in screening tests when the number of samples that
represent a disease state is low compared to samples
representing a healthy state. In such situations learners may
overemphasize the majority class, which can lead to models
that lack sensitivity towards the minority class.
Undersampling and oversampling strategies can both be used
to address class imbalances [87, 88]. In undersampling, only
part of the majority class is used so that classes are balanced,
which comes at the cost of removing samples. In
oversampling, new samples are generated from the minority
class, e.g. using SMOTE [89] or ADASYN [90] algorithms,
which incurs the risk of introducing low quality data.

Modelling step 2: data reduction

In radiomics, the number of features usually exceeds the num-
ber of samples. Data reduction is used to make processing
more efficient and increase learner performance by removing
irrelevant and redundant features. Various techniques can be
used to perform dimensionality reduction. Some, such as prin-
cipal component analysis or linear discriminant analysis, pro-
ject features to a lower dimensional space [91]. The drawback
of projection methods is that features are not preserved, and
that for reproducibility, all input features need to be available
in new data. Other methods assess variable importance and

a b
Internal validation data reuse Development data Validation data
Development 1. Data preparatpn 1. Data preparation
* address class imbalances o—
Data set = .

o « reduce batch effects « reduce batch effects (using dev. data)

Validation « transform features « apply transformation parameters

* normalise features « apply normalisation parameters
/ * impute missing data « impute missing data (using dev. data)

c repeated resampling

2. Data reduction
* remove non-robust features .—

2. Data reduction

* remove irrelevant features g 0=
DEvelepmmenit Val. « remove/cluster redundant features &= « re-create clusters
3. Assessing feature importance 8 3. Assessing feature importance
« find important features *3 o=
4. Building a model g 4. Building a model
External validation « set model hyper-parameters = . —
« define a signature - . —
Development / Validation « build a model .—
data set data set . _
5. Assessing model performance 5. Assessing model performance
« define thresholds for stratification « apply thresholds
and evaluation
« obtain calibration data (if required) X - —
'@ # Validation * evaluate model performance: « evaluate model performance:
@ External model N — « discrimination « discrimination

Fig. 3 Data analysis strategies and typical analysis workflow.
Generalizability of a radiomics model is assessed through internal and
external validation (a). Internal validation should be reported by
repeatedly dividing the data into development and validation datasets
instead of reusing the development data for validation to avoid
optimistic biases. The typical workflow involves steps to prepare data,

« calibration
« stratification

« calibration
« stratification

reduce dimensionality, select important features, build a model and
evaluate model performance (b). Many steps are only fully performed
on the development dataset, and the resulting parameters and results are
applied to the validation dataset. The aim of this unidirectional
information flow is also to avoid optimistic biases
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simply eliminate unimportant features from the data [92]. The
presence of correlated redundant features may induce a corre-
lation bias [93]. Mutually correlated features may be replaced
by a single feature cluster to alleviate the issue [94, 95].

In addition, nonrobust features may be removed [96]. As
discussed above, most factors in PET imaging affect feature
robustness to a degree. The advantage of removing nonrobust
features is that features that are statistically but not causally
linked to the outcome of interest may be removed. Removing
features can therefore be useful in datasets in which the num-
ber of samples is considerably smaller than the number of
features and this situation is more likely to occur. However,
this may also involve the removal of potentially informative
features at the same time, which is a disadvantage. The need to
remove nonrobust features thus depends on the particular cir-
cumstances. Nonrobust features can be identified using the
data presented in Fig. 2. Alternatively, information concerning
feature robustness may be obtained through openly available
(phantom) datasets, synthetically generated PET data, or
through image perturbations [97].

Modelling step 3: assessing feature importance

Models are developed using the most relevant features
[98-100]. Feature selection algorithms assess the importance
of features. A number of such algorithms have been reviewed
in several radiomics studies [95, 101-104], often in conjunc-
tion with learners. However, feature selection may be sensitive
to perturbations of the dataset [105,106]. To increase the sta-
bility of feature selection, it can be performed multiple times
using resampled subsets of the development dataset
[107-109]. Feature importances in each subset are then sub-
sequently aggregated over all subsets to derive an aggregated
feature importance [110]. It should, moreover, be noted that
some learners integrate feature selection internally, for exam-
ple in model-based boosting [111, 112]. For such learners
assessing feature importance is not required as an additional
step.

Modelling step 4: building a model

The learner uses features and the corresponding outcome to
learn the relationship between the two. This information is
then encapsulated in a model that can be used to obtain pre-
dictions from new data. Hundreds of different learners could
potentially be used, depending on the type of outcome [113].
In general, the use of less complex learners such as general-
ized linear models [114] or the least absolute shrinkage and
selection operator [115] is recommended. The resulting
models are easy to report and understand, and may serve to
establish a performance baseline. Using more complex
learners such as random forests [116] and extreme gradient
boosting [117] may improve performance further. In such
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cases, providing the model itself would be required to enable
validation by others.

All learners have hyperparameters that require configura-
tion, such as the number of trees in a random forest or the
number of features included in a model. Hyperparameters ei-
ther need to be set manually before any model validation
occurs, or require automatic optimization during development
to avoid introducing manual biases. Optimization is conduct-
ed using the development data and (potentially) a small test set
that is separate from the development and validation data.
Finding the optimal hyperparameter set for a learner automat-
ically is not trivial. A commonly used method is grid search,
which samples the hyperparameter space at regular,
predefined positions, and then selects the optimal set of
hyperparameters. Grid search is easy to implement and works
well if the set of hyperparameters is small. However, grid
search is no longer efficient for high-dimensional
hyperparameter sets and may actually not find the global op-
timum. In such cases, random search [118] or more complex
methods such as sequential model-based optimization [119]
may offer better efficiency and performance.

Modelling step 5: assessing model performance

Model performance should be assessed to indicate how well
the model functions and how generalizable it is. For this
purpose, the model may be applied to development and val-
idation datasets separately. This produces an expected out-
come for every sample. As the true, observed outcome is
known for supervised learning, expected and observed out-
comes can be compared for accuracy using performance
metrics. The suitability of performance metrics depends on
the type of outcome. For categorical outcomes, the area un-
der the receiver operating characteristic curve (AUC) is typ-
ically measured. The AUC is computed by plotting the true-
positive and false-positive rates against one another and cal-
culating the resulting AUC. An AUC score of 1.0 indicates a
perfectly discriminating model, whereas a score of 0.5 indi-
cates that the model predictions are essentially random and
therefore not meaningful. The AUC also extends to multiple
categories [120]. Other useful metrics are clinically relevant
metrics such as sensitivity, specificity and accuracy.
However, these metrics depend on the balance between out-
come classes in the data [121], as well as the chosen class
thresholds, and should be used and interpreted carefully.
Metrics such as balanced accuracy [122] and Matthews cor-
relation coefficient [123] were devised to avoid dependence
on class imbalances.

For time-to-event outcomes, the concordance index (c-
index) is commonly measured. The c-index measures the de-
gree of concordance and discordance between sample pairs
based on predicted risk or failure time in comparison with
observed times and event statuses. The original version was
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popularized by Harrell et al. [124]. A version that is less sen-
sitive to censoring was introduced by Uno et al. [125]. The
interpretation of c-index values is the same as that for AUC,
with 1.0 indicating a perfectly discriminating model and 0.5 a
random model. Discrimination on the individual level is not
the only relevant aspect of model performance in survival
analysis. The ability to stratify patients into two or more risk
groups is often clinically relevant and therefore group stratifi-
cation is also assessed by creating Kaplan—Meier plots and
performing log-rank tests [126].

All of the above concerns the discriminative performance
of a model. Good discriminative performance, however, does
not mean that a method is well-calibrated. Well-calibrated
models are clinically important, as they can be used to predict,
for example, the expected probability of survival up to 2 years
or the expected probability of treatment benefit. Calibration is
assessed by comparing the probabilities as observed in the
data and the model-based expected probabilities, for example,
by determining the intercept and slope of a linear fit [127,
128], as well as through statistical goodness-of-fit tests such
as the Hosmer—Lemeshow test [129] and the Nam-—
D’Agostino test [130, 131].

Modelling pitfalls

The modelling process described above is relatively straight-
forward. However, many modelling studies have methodolog-
ical issues that limit model generalizability and validation
[132—134]. Such pitfalls can be avoided if they are recognized.
The list of common pitfalls was based on modelling experi-
ence in our laboratory and issues commonly reported in
literature.

Pitfall 1: reusing the development dataset for validation

Many studies measure performance only on the development
dataset. This analysis strategy is generally of limited useful-
ness, as it does not provide an indication of generalizability
[135]. The analysis may suggest that a model functions quite
well, perhaps even superbly. However, such findings are gen-
erally too optimistic and do not stand up to external validation
[134]. One important reason is that a model incorporates
knowledge concerning data it has seen during development.
In the extreme case, a model includes all the knowledge it
requires to identify the individual samples from the develop-
ment dataset [74]. Although such an overfitted model predicts
outcomes for the development data very well, the introduction
of new and unobserved data will cause predictions to fail.
Therefore, generalizability of models should be shown by
internal validation using resampling strategies or by external
validation [135].

Pitfall 2: using validation data during the model development
process

Validation data is used to assess generalizability of a model.
As such, validation data should not be used during develop-
ment and should instead be kept separate at all times [72]. An
obvious violation of this principle was mentioned under Pitfall
1. However, the occurrence of validation data leakage may not
be evident. For example, in some studies the combined devel-
opment and validation dataset is inadvertently used for nor-
malization and feature selection, and only the actual model-
ling and performance assessment steps are performed using
separate sets. As feature selection algorithms determine rele-
vance based on the available data, feature selection on a com-
bined dataset will automatically yield features that are relevant
for both development and validation data. Such schemes pro-
duce biased results when compared with an analysis that does
not use validation data for feature selection [135].

Validation data are sometimes also erroneously used when
defining thresholds, e.g. for defining classes based on predict-
ed probabilities or for defining risk groups in survival analy-
sis. To avoid positively biased results, such thresholds should
be determined using the development data and then applied to
the validation dataset.

Pitfall 3: using validation data to optimize the data analysis

Pitfalls 1 and 2 dealt with the use of validation data inside an
analysis. However, there are several choices concerning the
data analysis itself. Which learner and feature selection meth-
od should be used? Which hyperparameter settings will be
used, if no automated method is utilized to determine them?
Will clustering be used to address feature redundancy? How
strictly will irrelevant features be filtered and using what
criteria? Such choices can affect performance of the resulting
model. The data analysis can be optimized to improve results.
This, by itself, is not bad. Different experiments may be re-
quired to better understand the data and how to analyse it.
However, if the performance on the validation dataset is used
to guide the search for a suitable analysis strategy, a positive
bias will be introduced into the analysis. It is difficult, if not
impossible, to assess whether such bias exists in a reported
study. Ideally, a data analysis strategy protocol is defined be-
fore performing the analysis. Alternatively, the strategy is
fine-tuned using a dataset that is not used for validation
afterwards.

Pitfall 4: class imbalances
In the case of categorical outcomes, class imbalances should
be addressed. This can be illustrated by the following exam-

ple. We are interested in stratifying patients for treatment
based on the predicted response. In our development data,
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10% of the patients have a positive treatment response, and
90% do not. A very naive model would achieve an accuracy of
90% by simply predicting “no response” in all patients. At
first glance, the model may appear to be accurate. However,
the model and the produced results are misleading and not
clinically useful. Class imbalances can be addressed in various
ways including data sampling strategies or by using different
performance metrics, as discussed earlier. This topic is more
fully covered in, for example, references [87, 88].

Pitfall 5: not checking model calibration

Many studies only evaluate the discriminatory performance of
models, which measures how well samples can be distin-
guished from one another. Model calibration is also important
to evaluate. Well-calibrated models offer important clinical
information, such as the expected disease-free survival prob-
ability at 2 years, or treatment success. Such information can
be used for treatment stratification. Hence, model calibration
should be assessed together with discriminatory performance,
as described in the overview of modelling steps.

Pitfall 6: dichotomizing time-to-event outcomes

Time-to-event endpoints are sometimes dichotomized at a cer-
tain time point to create two classes, e.g. “tumour recurrence
within 2 years” and “no tumour recurrence within 2 years”.
This approach is sometimes considered to be useful because it
enables assessment of survival using tools that may not have
implemented methods for processing time-to-event outcomes,
or because of clinical interest in the time point. However, it
has considerable drawbacks. Dichotomization causes loss of
samples if they are censored before the dichotomization time
point, information concerning event times is lost, and inter-
pretation of model performance may depend on the choice of
dichotomization time point [132, 136, 137]. Dichotomization
of time-to-event outcomes should therefore be avoided. If, as
in the example above, tumour recurrence within 2 years is of
interest, it should be derived from the expected survival prob-
ability instead [126].

Pitfall 7: including nonrobust image biomarkers

Including nonrobust image biomarkers in models may lead to
models that are poorly generalizable [96]. Interestingly, sev-
eral radiomics studies have been able to externally validate
models without explicitly selecting a subset of robust image
biomarkers during model development; see, for example, ref-
erences [95, 138, 139]. This may indicate that, given sufficient
development data, sufficiently robust features are selected for
modelling, and noisy nonrobust features are filtered out. Batch
normalization, as discussed previously, has also been used to
improve reproducibility of features without outright removal
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of nonrobust features [84, 85]. A robustness analysis has been
performed in other studies, and has likewise been able to val-
idate models externally; see, for example, references [140,
141]. Hence, nonrobust biomarkers can be removed, but is
not always required.

The robustness of image biomarkers can be determined in
several ways. One way is to use the data from the meta-
analysis presented in this article to estimate measurement
agreement and/or reliability of an image biomarker.
However, not all factors could be included, and interaction
between factors was not assessed. Another option is to use
phantom or simulation measurements and identify nonrobust
biomarkers under simplified circumstances. Alternatively,
techniques similar to those used for data augmentation in deep
learning can be used to estimate image biomarker robustness
[97].

Pitfall 8: not comparing results with existing and simple
models

A radiomics model is only meaningful if it offers an improve-
ment over an existing (clinical) model, should it exist. Newly
developed models should therefore be compared with existing
models [6, 142]. Moreover, radiomics models may be difficult
to interpret, or use image biomarkers that are not easily ex-
plained. It is therefore useful to compare the performance of
the suggested radiomics model with that of simple models
based on conventional image biomarkers, such as mean and
maximum SUV and volume. Similarly, image biomarkers that
are included in the model should offer complementary infor-
mation to conventional biomarkers. A biomarker that is highly
correlated with a conventional biomarker can be replaced by
the latter to improve interpretability of the model.

Pitfall 9: are the input data correct?

The data used for analysis are often aggregated from multiple
sources. One source consists of files with image biomarker
values produced by the radiomics software. Another source
is formed by outcome data that are commonly found in
spreadsheets or tables. These data need to be matched before
modelling. Incorrect matching will produce nonsense at best
and invalid results in the worst case. Therefore, determining
whether matching functioned as expected can prevent issues.
Another issue that may occur is that images from the same
sample or subject appear in both the development and vali-
dation datasets. This should be checked to avoid optimistic
bias.

Pitfall 10: incomplete reporting

Adequate reporting is a minimum requirement for reproduc-
ing studies and validating results. The critical question that
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needs to be answered by an investigator prior to submission is
whether the results can be reproduced or validated based on
the report and supplementary information. If the answer is no,
the missing details should be reported. Reporting guidelines
indicate which items should be reported. Radiomics-specific
guidelines have been produced by the IBSI [58]. Additionally,
the Radiomics Quality Score can help identify weaknesses in
the analysis as well as in reporting [96, 143]. Since many
radiomics studies involve diagnostic or prognostic modelling,
they should be reported according to the “transparent
reporting of a multivariable prediction model for individual
prognosis or diagnosis” (TRIPOD) guidelines [72, 144].
Other guidelines may be applicable as well; see the
EQUATOR network [145].

Ideally, not only should the report be complete, but it
should also help other investigators apply the results or meth-
odological improvements. In modelling studies this would
mean, for example, that the developed model is provided,
accompanied by the parameters required to prepare the input
data. The publication of image data and associated metadata
moreover broadens the usefulness of the study [146].

Pitfall 11: reinventing the wheel

Radiomics has the advantage of emerging more than a decade
after the emergence of the first “omics” fields. This means that
mature, reliable software has been created for many parts of
the modelling process. R [147] and Python (www.python.org)
both have a rich data science ecosystem that can be used for
radiomics analysis by installing specific packages or libraries,
for example scikit-learn [148], pandas [149], auto-sklearn
[150], caret [151], and mlr [152]. The same goes for
radiomics-specific software, although these packages are still
undergoing maturation and most only cover image processing
and image biomarker computation. Examples are pyradiomics
[153], CERR [154, 155], LIFEx [156], CaPTk [157, 158], and
MITK phenotyping [159]. One can therefore save time and
resources by using existing software solutions, and simulta-
neously minimize the risk of programming errors.

Discussion

The ability to reproduce and validate radiomics studies is vital
to generating sufficient and convincing scientific evidence for
translating potential applications into clinical practice. In this
article we therefore review the reproducibility of radiomics
biomarkers in PET imaging and examine radiomics data anal-
ysis and several of its pitfalls.

Evidence for sensitivity due to variation in various factors
in the meta-analysis was generally weak. There are several
reasons for this. One reason is that only studies that assessed
agreement using Bland—Altman PV or within-subject

coefficient of variation, and studies that assessed reliability
using ICC, were included. Moreover, only those studies that
used either data recorded in humans or anthropomorphic
phantoms were eligible to avoid including results from poten-
tially unrealistic situations. This limited the number of studies
eligible for meta-analysis. Second, several eligible studies did
not assess all factors using the above-mentioned metrics.
Third, data were presented in abstract form in several studies.
The authors of these studies were contacted to supply data, but
not all replied, and their findings could not be included. More
evidence is therefore required to quantify the influence of
variation in most factors. This evidence should be reported
with one or more of the above metrics in a manner that allows
easy integration in a meta-analysis, i.e. in tabular format. The
quality of reporting of these studies may, moreover, benefit
from following the “Guidelines for Reporting Reliability and
Agreement Studies” (GRASS) [15].

Because aggregated evidence for variation in factors was
mostly weak, the current meta-analysis cannot be used to pro-
vide specific guidelines for harmonizing imaging for PET-
based radiomics. However, from the perspective of retrospec-
tive or prospective evaluation of imaging data in multicentre
studies, it may be prudent to ensure that applicable guidelines
for quantitative PET imaging are followed; see, for example,
references [5, 160]. Variation up to the reconstruction step
should be minimized. Variation in factors that occur after re-
construction can usually and should be avoided. This includes,
for example, a consistent choice for the image segmentation
algorithm, and using the same discretization scheme for all
data.

In comparison with evidence for factors, evidence for im-
age biomarkers was of better quality. However, there are sev-
eral gaps in the evidence, for example with regard to bio-
markers calculated from the distance zone matrix, the intensity
histogram and the neighbouring grey level dependence ma-
trix. These biomarker families were rarely or never imple-
mented. Moreover, most studies did not distinguish between
biomarkers based on the intensity histogram and statistical
biomarkers. According to IBSI definitions these are concep-
tually different [58]. For example, the entropyyy; biomarker
may have been treated as a statistical feature, instead of an
intensity histogram feature, by several studies, in which case
it would approximate the logarithm of the number of voxels in
the volume of interest.

The meta-analysis shows that for PET imaging, many size
zone matrix and neighbourhood grey tone difference bio-
markers have a high inherent sensitivity to variation and
should be used with care. Conventional biomarkers such as
meanys (SUV pean) and maximumyg (SUV ,,.,) were found to
be reliable.

Aside from evaluating evidence for reproducibility of im-
age biomarkers, several data analysis pitfalls are also de-
scribed in this article. Avoiding these pitfalls is essential for
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creating radiomics models that can be meaningfully used and
validated. Particular attention should be paid to ensuring prop-
er assessment of model performance by using a data analysis
strategy that involves internal or external validation.
Development and validation data should be kept apart at all
times. In addition, reporting should be done thoroughly, so
that all necessary details for study reproducibility and valida-
tion are present.

So far, we have considered radiomics for image biomarkers
that are based on hand-crafted features, as this is the only
branch of radiomics that has been assessed with regard to
reproducibility. A complementary branch of radiomics applies
deep learning methods to image analysis. In deep learning,
predefined image biomarkers are replaced by features without
prior definition that are instead iteratively adapted to fit the
development data and integrated in a complex neural network
[161, 162]. From the perspective of reproducibility, deep
learning may offer several advantages over radiomics using
hand-crafted features. First, deep learning replaces the image
biomarker computation and modelling steps completely.
Second, deep learning can also replace segmentation
[163—165] and reconstruction [166] steps. Consequently, fac-
tors associated with replaced steps can no longer affect the
analysis.

However, deep learning is probably no panacea for re-
solving reproducibility issues. Deep learning models can be
remarkably generalizable [167], but factors that affect re-
producibility of image biomarkers are likely also to affect
generalizability of deep learning models up to the point
where the deep learning model is generated. Moreover,
deep learning does not allow the preselection of generally
robust image biomarkers. Some model robustness may be
induced, either because the development dataset contains
the expected heterogeneity, or through data augmentation
[168].

It is clear that reproducibility in the context of deep
learning-based radiomics needs to be investigated more thor-
oughly. A possible hindrance here is that reproducibility for
deep learning needs to be assessed at the level of the model
instead of at the level of the biomarker. This requires that an
outcome of interest is obtained in addition to imaging.

In conclusion, we performed a meta-analysis of literature
that focused on reproducibility of PET-based image bio-
markers and provide an overview of possible data analysis
pitfalls. Variations in acquisition, reconstruction, segmenta-
tion, radiomics processing and other factors were found to
affect agreement and reliability of image biomarkers. Many
image biomarkers were, moreover, found to possess a substan-
tial inherent sensitivity to variations.
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