
REVIEW ARTICLE

AI-based applications in hybrid imaging: how to build smart
and truly multi-parametric decision models for radiomics
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Abstract
Introduction The quantitative imaging features (radiomics) that can be obtained from the different modalities of current-
generation hybrid imaging can give complementary information with regard to the tumour environment, as they measure
different morphologic and functional imaging properties. These multi-parametric image descriptors can be combined with
artificial intelligence applications into predictive models. It is now the time for hybrid PET/CT and PET/MRI to take the
advantage offered by radiomics to assess the added clinical benefit of using multi-parametric models for the personalized
diagnosis and prognosis of different disease phenotypes.
Objective The aim of the paper is to provide an overview of current challenges and available solutions to translate radiomics into
hybrid PET-CT and PET-MRI imaging for a smart and truly multi-parametric decision model.
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Introduction

Since its advent into clinical practice, medical imaging
methods, such as computed tomography (CT), magnetic res-
onance imaging (MRI) and positron emission tomography
(PET), have acquired a central role in the clinical management

of a wide variety of diseases, thanks to the unique possibility
of characterizing, in vivo and non-invasively, the presence of
physio-pathological processes at different stages of diseases
and even following therapies.

In particular, improvements in PET imaging system tech-
nologies, including three-dimensional (3D) acquisition and
iterative reconstruction as well as availability of new molecu-
lar probes, has increased accuracy, sensitivity, specificity, and
lesion detectability of PET imaging studies [1].

Hybrid PET/CT scanners were commercially introduced as
diagnostic systems in 2001 in order to provide non-invasive
imaging assessment of both body function and structure in a
single examination. In the almost 20 years since then, these
systems have been recognized as the most recommended tool
to detect, localize, and characterize many multifactorial dis-
eases. The impact of hybrid PET/CT imaging has emerged, in
particular, in oncology, neurology, and cardiology, where it
has currently gained a consolidated role in diagnosis, staging,
follow-up, and treatment monitoring and planning.

Hybrid PET/MRI systems enteredthe market only recently.
MRI is superior to CT in providing images with high soft-tissue
contrast and spatial resolution; thus, PET/MRI systems could
offer better lesion detectability and characterization than PET/
CT with a decreased radiation dose. However, such systems
present many technical elements of complexity and costs with
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respect to hybrid PET/CT. Their installation requires appropriate
environmental solutions such as shielding the operative rooms
from both radiation and magnetic field effects. Furthermore,
PET/MRI technology needs complex acquisition protocols and
long scan duration, in particular when multi-parametric or
whole-body PET/MRI studies are required. Moreover, image
quality and quantitation are more difficult to achieve than for
PET/CT systems. As an example, contrary to CT, MRI signal
does not allow a direct association to density maps to be applied
straightforwardly for attenuation correction of PET images, mak-
ing attenuation correctionmore difficult [2]. Notwithstanding the
speculations that these systems would not grow rapidly in num-
ber if clear clinical benefits did not continue to be demonstrated,
a number of PET/MRI integrated scanners are currently avail-
able worldwide.Most published results are indicating that hybrid
PET/MRI used with clinical current practice of each stand-alone
imaging modality shows comparable performance in the detec-
tion, diagnosis, and location of suspected diseases as compared
to hybrid PET/CT and MRI, with the most recognized added
value of a unique examination session.

In clinical current practice of hybrid PET imaging, mainly
aimed at diagnosis, staging, and treatment monitoring, at a
first level, PET images are evaluated qualitatively. The CT
component is used to better localize and characterize lesions
identified on the PET images. The MRI images are, in turn,
multimodal and can support PET images not only by supply-
ing anatomical reference, but also by integrating functional
characterization of the lesion, for example with microstructur-
al features by diffusion weighted imaging (DWI) and perfu-
sion parameters by dynamic contrast enhanced (DCE) MRI.

Diseases are then described and reported by nuclear medi-
cine physicians and radiologists using semantic lexicon fea-
tures, e.g., related to the presence of disease aggressive behav-
ior, infiltration and metastatic capacity, and likelihood of recur-
rence, even following therapy. However, qualitative analysis of
medical images presents several limitations, including the sub-
jective expertise of the referring physicians in image interpre-
tation, and their limited human ability to capture subtle disease
features and their temporal changes using the naked eye.

In recent years, a great effort has been devoted to overcom-
ing these limitations. Quantitative approaches to medical im-
age analysis have been developed and implemented thanks to
compensation for the physical limitations of imaging systems,
e.g., poor spatial resolution in the PET images from hybrid
PET/CT [e.g. 3–6]. The technological evolution of hybrid
imaging is beyond the purpose of this review, as well as the
comparison of PET/CT and PET/MRI, since the literature is
full of extensive works on this topic. However, it is worth
noting how such systems started to lead to an enormous
amount of data generated by the two different image compo-
nents of a hybrid system, e.g., the PET, low-dose CT, and
contrast-enhanced CT from hybrid PET/CT, the PET and
MRI (in multiple modal acquisitions) from hybrid PET/MRI.

Both spatial and temporal intra-tumor heterogeneity have
been recognized as important biological characteristics
impacting on resistance to therapy and evolution of cancer
diseases. Since genomic characterization of tumor by ex-
vivo tumor biopsy showed clear limitations due to the regional
dependence of results from the tumor sample region [7], the
amount of complementary, multi-modal, and multi-parametric
imaging data, co-registered in spatial distribution and time,
offered unique insights into opportunities to explore intra-
tumor heterogeneity at the macroscopic scale in both the ana-
tomical and functional dimensions, in vivo and non
invasively.

With this aim, advanced image processing methods have
been developed for extracting quantitative “features” from the
images of an entire tumor, capturing such heterogeneity as the
cause of different clinical outcomes for patients with similar
diagnosis or following similar therapies. Such methods, as for
example image texture analysis, capturing appearance, struc-
ture, and arrangement of the tumor in an image, were first
applied at a limited scale, that is considering a few imaging
features from lesions to better characterize the tumour envi-
ronment. However, these methods allow a very large amount
of quantitative data to be obtained for a single patient, thus
now configuring medical imaging as a source of big data and
posing the challenge of evaluating how to obtain meaningful
information correlating such data with clinical and genomic
data to personalize the prognosis and treatment of the single
patient. The new paradigm, “radiomics”, is then emerging as
the high-throughput extraction of quantitative features from
medical images to characterize phenotype such as the in-
vivo expression of the genotype of different diseases, based
on the assumption that stratification of patients into subtypes
is possible using such radiomic biomarkers [8]. Moreover,
artificial intelligence [AI] methods [9] have been applied in
radiomics to predict what will be associated with treatment
strategies such as tumor subtypes, survival time, and disease
recurrence [10]. Predictive models can be built on radiomic
multi-parametric image descriptors to personalize the
decision-making for patients [11, 12]. Even if still today the
radiomic approach has been mainly applied to oncological
malignancies, this approach is also emerging in other diseases
such as neurological, cerebrovascular, and immunological dis-
eases [e.g. 13–15].

These achievements have led to the investigation of a new
clinical role for medical imaging, shifting the focus from the
diagnosis to the prognosis of diseases. This paradigm shift has
already started for structural imaging such as CT and MRI:
their high resolution and contrast have allowed radiologists
the direct observation of different image descriptors, provid-
ing proof-of-concept of radiomics; their significant use for
diagnostic purposes in several oncological studies has allowed
the availability of large cohorts of patient images for the se-
lection and validation of radiomic prognostic signatures [16].
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In PET, the first study including radiomic analysis was pub-
lished in 2009 [17]. The majority of the subsequent radiomic
studies have included less than 100 patients [18], limiting the
possibility of developing and assessing predictive models.

With the use of hybrid PET/CT and PET/MRI, the com-
bined modalities should be able to highlight the complemen-
tary tumor characteristics in order to maximize the informa-
tion that can be extracted with radiomics. The aim of our paper
is to provide an overview of current challenges and available
solutions that can help in translating radiomics in hybrid PET
imaging, paying attention to those specific issues needing to
be carefully addressed to build a smart and truly multi-
parametric decision model.

Radiomic workflow in hybrid imaging

Even if the radiomics pipeline was well known in the image
processing community, one of the most important issues at the
beginning of radiomics was its translation in the context of
radiological images and its standardization. A great effort was
dedicated to this purpose and many methodological papers
have been put together, leading to a shared robust methodo-
logical framework on radiomics that consists of several se-
quential steps to be performed as prerequisites for building
decision models [19].

Standardization of radiomics is fundamental to guarantee
the reproducibility of the results; that is, the ability of radiomic
image processing methodology to return inter- and intra-
operator independent feature estimates to be used to build
decision models.

Image processing steps can present complexities and be a
source of variability when applied to radiomics from hybrid
imaging, but at the same time they can benefit from the avail-
ability of the different imaging modalities offered by hybrid
systems to find solutions that cannot be applied based on a
single imaging modality.

Choice of the study protocol and data collection

The choice of the imaging protocol from hybrid PET systems
should be guided by the criterion of the best modality able to
capture the presence of a certain level of tissue heterogeneity
underlying the disease under study, but should also follow
considerations concerning the clinical appropriateness for
the patient under study, avoiding over-examinations. Intra-
tumor heterogeneity should be recognized to lead to disease
subtypes with different prognosis (even following therapy)
that could be misdiagnosed by the tumor gene expression
profiles as obtained from tumor-biopsy samples on small frac-
tions of the tumor [7].

The radiomic analysis should be applied for those tumors
that are expected to show other components than the solid one,

usually associated to a better prognosis. However, there are
some cases, for example bronchiolo-alveolar carcinoma,
where tumors with a high percentage of solid components
have a worse prognosis [20] that could benefit from radiomic
evaluation.

Radiomic analysis should be properly designed also by
establishing in which stage of the disease the radiomic features
should be extracted and used, for example at the baseline
rather than after first treatments or at the end of the therapy
[e.g., 21].

Physiopathological characteristics underlying cancer, such
as metabolism, vascularization, perfusion, cell proliferation,
necrosis, hypoxia, and gene expression, can be measured by
PET with [18F]fluorodeoxyglucose ([18F]FDG) [22–24].
Thus, we can expect that different values of PET radiomic
features may be measured in benign and malignant lesions
as a consequence of the different underlying physiopatholog-
ical processes. [18F]FDG is recommended also for radiother-
apy evaluation during follow-up and for therapy planning
based on PET images, and radiomics have been shown to be
able to address different responses to radiotherapy treatments
in many oncological studies. Moreover, hypoxia was found to
impact the radio-chemotherapy outcome and even surgery
outcome. This occurs both for large tumors with necrosis,
and for small primary tumors and recurrences, micro-metas-
tases, and surgical margins showing microscopic tumor in-
volvement. Thus, PET hypoxia radiotracers could capture
proper characteristics for radiotherapy response [25].

However, PET images have more physical limitations for
radiomics than MRI or CT, due to a worse spatial resolution,
leading to poorer spatial sampling and lower signal-to-noise
ratio. In addition, PET images are often heavily filtered during
reconstruction, thus reducing the heterogeneity expression of
the image [26]. In hybrid PET studies, radiomic features ex-
tracted from the low-dose CT component of PET/CT, usually
without contrast enhancement, can measure the heterogeneity
of vascularization, necrosis, or cellularity, as well as the pro-
portions of fat, air, and water [27]. Contrast-enhanced CT,
used as an additional CT sequence in PET/CT studies, and
the MRI component in PET/MRI studies, can measure the
heterogeneity of vessel density, perfusion, proton density,
and physiological tissue characteristics at the level of tumor
physiological habitats [e.g., 24, 28–31]. An example of the
variety of image modalities offered by current-generation hy-
brid PET/MRI is shown in Fig. 1.

It is then fundamental to establish what the target of the
radiomic study is. If the study target is the biological charac-
terization, other data should be collected from the patients,
e.g., biological or molecular biomarkers or protein/gene ex-
pression levels, in order to assess associations of radiomics
features with known biological characteristics of disease. If
the study target is the prognosis or therapy response, it is
important to collect clinical data of patients during the
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follow-up, in order to know clinical endpoints to stratify the
patients based on radiomic differences expressed by the stud-
ied patients.

Radiomics is based on the extraction of a large number of
characteristics from each lesion of patients in the study. The
number of different imaging features that can be obtained is
very high, up to several hundreds, often much greater than the
number of samples in the study, and this limits the statistical
power of the radiomic analysis and potentially generates data
over-fitting in the decision models. This issue is already true
for a single image modality of hybrid systems and becomes
more complex when multimodal studies from hybrid imaging
are available. The size of the sample determines the statistical
power of the models and should be properly chosen prior to
radiomic analyses. Published studies, in particular for PET,
evaluated the prognostic or predictive power of radiomics on
small-size patient cohorts (< 100), from retrospective data.
These exploratory analyses had the great potential to provide
the rationale for further investigations in larger cohorts.
However, the statistical power of these studies is limited. As
a rough indication, it has been estimated that a number of at
least 10–15 patients should be included in a radiomic study for

each feature when statistical tests are used to test a specific
hypothesis [16]. When features are extracted to enter in an AI
model, a validation should be provided, and permutation tests
could be conducted in case of sample of small size.

Since most of these retrospective studies are based on
single-center datasets, in order to avoid false discoveries
[32] a validation of the generalizability of the result should
be obtained by testing radiomics on other independent
datasets. When this is not possible, it is very important to
validate the results of such radiomics studies; for example,
testing well-known associations among the different groups
of patients stratified by radiomics with validated biological
markers (e.g., between the stage or subtype and survival
[32]), and interpreting the radiomic derived stratifications with
respect to such validated results.

In these retrospective studies, it is also very useful to vali-
date the radiomic results by the visual assessment of the dif-
ferent expression of radiomic features on the tumor habitat of
single patient images [16]. Textural features can be estimated
by calculating a single value for the whole segmented lesion
volume or by building a texture map. The VOI-based ap-
proach provides a single quantitative descriptor of the texture

Fig. 1 Hybrid PET/MR breast imaging, axial viewwith a tumoral lesion (white arrow). aMRSTIR, bMRT2 turbo spin echo, c FDG-PET, dADCmap,
e T1 3D post-contrast, f–i pharmacokinetic map of area under curve (AUC), Ve, Kep e Ktrans, respectively. Images are from IRCCS SDN
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heterogeneity in the whole structure. The texture map permits
the estimation of textural features in each pixel by computing
their values considering a square mask of pixels (e.g., 4 × 4)
over the image of the lesion. This last method can be useful to
clearly show, on the lesion image, a feature that is not uniform
within the lesion and to identify sub-regions with high hetero-
geneity. Moreover, it could be helpful for voxel-based corre-
lations with dose maps in radiotherapy applications [33, 34].

It is, however, clear that radiomics obtain advantages from
prospective studies, since such protocols better account for the
collection of omics and clinical data in a proper sample size. In
these cases, better care could also be taken in the standardiza-
tion of the imaging and omics studies and in the collection and
archive of images, biological data, and clinical information, in
order to avoid misleading results due to instrument differences
between centers.

Image acquisition and reconstruction

Since the introduction of hybrid imaging, PET/CT has under-
gone a steady evolution permitting the definition of image
acquisition and reconstruction protocols for both the PET
and CT components, suitable for oncological, neurological,
and cardiological studies respectively. Image quality of studies
from current-generation PET7CT systems has achieved a
comparable level. However, a large variability is still present
in PET/CT images from a quantitative point of view, as a
result of the use of different hybrid systems. This is even truer
for the PET/MRI hybrid systems, where the technological
evolution has been completed for their use in the clinical en-
vironment more than for their reproducibility.

Recently, methodological studies have been devoted to the
evaluation of the impact of the image acquisition and recon-
struction protocols on radiomic features extracted from the
medical images, including images from hybrid PET studies.
These effects are important in particular in case of multi-
centric radiomic studies. Some studies have been focused to
evaluate the dependence of radiomics features from the phys-
ical characteristics of the hybrid PET scanners (e.g. spatial
resolution, sensitivity, signal-to-noise ratio), acquisition pa-
rameters (e.g. field of view, presence / absence of compensa-
tion of the patient physiological movements), or reconstruc-
tion algorithms (e.g. number of subsets of iterative methods).
These studies have been performed on real images of onco-
logical patients [e.g. 35–38], on simulated images [e.g. 39], on
images of phantoms acquired under ideal conditions [e.g. 40]
or in conditions miming clinical situations of interest [e.g. 41]
and showed that radiomics features are influenced by the im-
age acquisition and reconstruction settings and this influence
opens up several issues related to the quality, accuracy, repro-
ducibility, and consistency of the extracted features, and more
in general, the results obtained in different studies.

In retrospective multicentric studies when acquisition/
reconstruction protocols of patients cannot be harmonized be-
cause only reconstructed images have been stored for legal
purposes, a methodological study should be performed to
guide the selection of those quantitative imaging features
more stably with respect for the different acquisition/
reconstruction parameters [e.g. 8]. Alternatively, in PET hy-
brid imaging, some radiomic studies have considered as har-
monized images those PET/CT images acquired and recon-
structed according to the European Association of Nuclear
Medicine (EANM) guidelines [42] and then processed in or-
der to minimize differences between semiquantitative evalua-
tions [43]. Recently, a harmonization method initially pro-
posed for genomic data was optimized and applied to harmo-
nizing radiomic features extracted from the PET images of
different hybrid PET systems, with promising results [44].
Although it needs further confirmation through more in-
depth studies that also include other imaging modalities, this
approach could pave the way for the development of harmo-
nization methods to be applied to retrospective studies that
could restore an enviable wealth of data for radiomic analyses.

Image conversion and correction

Data conversion is the transformation of the values in the
image data into values of biological meaning. In hybrid PET
studies, PET images should be converted into standard uptake
value (SUV), a standard semi-quantitative index expressing
the measure of the PET radiotracer uptake in the tumor tissues
normalized for the radioactive dose injected into the patient
[45]. However, proper measurement and annotation of the
radioactive injected dose and residual as well as time of injec-
tion should be performed for SUV conversion, and this pro-
cedure is still not part of routine clinical studies requiring the
use of additional time. For this reason, SUV conversion could
not be possible for retrospective studies, limiting the applica-
tion of radiomics.

CT images can be more easily transformed into Hounsfield
units (HU), expressing the different tissue densities within the
tumors, while in most of the multi-parametric MRI acquisi-
tions no data conversion is applied, since no calibration with
functional standard units is usually performed, even if data
need to be normalized, as explained in the sections below.

Artifact correction for metal implants should be performed
in CT [e.g., 46] while MRI images should be corrected for
magnetic field non-uniformity corrections [47].

PET images should be corrected for partial volume effect
(PVE), since PVE influences the results of radiomic analyses
on PET images. PET PVE occurs when the size of a cancer
lesion is comparable with the PETspatial resolution, and is the
cause of severe errors in quantitation. Several strategies have
been proposed for PET PVE correction; most of them are
based on the single PET component [e.g., 48–50]. However,
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CT and MRI co-registered image can provide a suitable ana-
tomical reference for recovering the actual uptake on the cor-
responding PET image. MRI-guided PVE corrections have
been proven to reduce bias and coefficient of variation of
PET images; thus, it could be used to improve robustness of
radiomics features. Among the several PVE correction
methods using MRI as prior information, the geometric trans-
fer matrix (GTM) method has proven effective [51], where
MR images are segmented to different non-overlapping re-
gions representing different tissue types and these regions
are then used to correct the PET images. To mitigate the chal-
lenge of segmenting the entire object, projection-based tissue
activity estimation methods have been proposed which only
required the segmentation of a small number of tissues within
a small region around the lesion [52–54]. With the same pur-
pose, a filtering method can be used on hybrid PET/MRI
systems [55] in which the MR image is used as a prior term
on the voxel level.

Image segmentation

Radiomics requires the preliminary identification of a volume
of interest (VOI) or sub-volumes of interest within the lesions,
representing physiologically distinct volumes (habitats) of po-
tential prognostic value [56].

VOI segmentation is a complex task in medical imaging,
and it currently represents a distinct open research topic. A
variety of segmentation approaches have been proposed [e.g.,
57–63] and this overview does not aim at describing them. A
shared opinion regarding segmentation is that each segmenta-
tion approach should be chosen after proper evaluation of
signal and noise characteristics of the specific image modality.
Thus, in hybrid imaging, distinct segmentation methods could
be considered for the functional with respect to the structural
imaging component. For example, manual contouring from
radiologists is the most common praxis accepted in clinical
settings since it is a reliable choice for such high-resolution
imaging modalities, even if there is as yet no consensus on the
best segmentation method for measuring the volume of a le-
sion on CTandMRI studies. This procedure is more criticized
in PET and in functional MRI (e.g., DWI) since it can be
affected by a higher level of subjectivity from operators due
to the lower resolution and contrast of these images.

Furthermore, the same segmentation approach could be
sub-optimal for segment lesions located in different organs
even using the same image modality: segmenting a breast
lesion from a PET study can have a different accuracy to that
obtained when segmenting a lung lesion from PET images.

The segmentation approaches used in published radiomic
studies range frommanual contouring to semi-automatic up to
automatic segmentation methods, consistently with the wide
methodology offered by the many years of research on med-
ical image segmentation. Automatic and semi-automatic

approaches include thresholding-based methods [59, 60], re-
gion growing methods [61], stochastic and learning-based ap-
proaches [62], and boundary-based methods [63].

Irrespective of the methods adopted, what has emerged as
more important for avoiding bias in radiomic analyses is the
good reproducibility and consistency of the segmentation
rather than the accuracy. Several studies have examined the
impact of segmentation on radiomics [64–67]. These studies
showed that the differences in VOI extraction due to different
operators or segmentation algorithms cause variations in
radiomic features that could generate statistically significant
results interpretable of biological meaning [68]. This causes
lack of robustness and reproducibility in the whole radiomic
process and needs standardization. Since full automation is
not always possible, a good acceptable compromise seems
to be the use of semi-automatic segmentation methods to be
eventually adjusted by expert radiologists, and then the selec-
tion of those radiomics features that are found to be more
stable with respect to the different expert radiologists.
Another criterion to reduce the impact of segmentation in
radiomic studies is to apply different segmentation algorithms
to obtain the lesion volume, and to select those radiomic fea-
tures that are more stable with respect to the different segmen-
tation algorithms [69].

However, hybrid-imaging modalities can offer several ad-
vantages for the segmentation task coming from the use of the
images of different modalities. The VOI can probably be de-
fined on the structural modality (CT or MR) and then propa-
gated for suitability on the PET images, since the inherent co-
registration of PET and structural studies can be exploited for
a reliable spatial correspondence between modalities [70]. In
particular, simultaneously acquired MRI offers several
methods for the improvement of PET images [71].
Moreover, long-lasting PET imaging acquisitions may suffer
from involuntary movements which occurred in the mean-
time; therefore, simultaneous fast MRI sequences can also
be exploited to estimate the motion and retrospectively correct
PET data. Different methods have been proposed in literature
to account for both cyclic and non-cyclic motion induced by
respiration and gross movements respectively; under these
conditions, MRI-driven motion correction has been demon-
strated to improve detectability and quantitation of PET-avid
lesions [72, 73], with great advantage for propagating anatom-
ical VOI on PET images for the estimation of radiomic
features.

Interpolation, re-segmentation, and discretization

In order to obtain features that could be considered
rotationally invariant and in order to be able to compare data
from different cohorts, images can be resampled for isotropic
voxel spacing, and this implies interpolation of intensities in
resampled voxels. An operation of rounding on the intensity
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values may be required after interpolation. This in particular is
the case for CT images where signal intensity must be
expressed in integer values directly related to tissue attenua-
tion coefficients.

The use of isotropic voxels can be important to guarantee
reproducibility across different scanners. Upsampling and
downsampling schemes have different advantages or disad-
vantages, and currently no clear indications exist about which
could be the preferable scheme [74–78].

Since interpolation affects image intensity, re-segmentation
could be required in particular for intensity-based segmenta-
tion masks. In hybrid PET imaging studies, re-segmentation
could be required in order to exclude voxels with low signals
from the calculation of intensity-based features. In MRI, out-
lier intensities could be removed by using the Collewet nor-
malization, making it possible to removie from the VOI the
voxels outside a specific range of intensities ([μ − 3σ, μ + 3σ],
where μ is the mean and σ the standard deviation of grey
levels of voxels in the segmented VOI [40].

As a last step before feature extraction, the image intensi-
ties within the VOI have to be discretized to practically com-
pute the radiomic features. This operation contributes also to
effectively reducing noise.

There are two main schemes for performing discretization.
With the first approach, the signal intensities are resampled in
a fixed number of bins, while with the second method the
signal intensities are resampled in a variable number of equal-
ly spaced bins but with a fixed width. Both approaches are
commonly used, and some works have made an effort to fig-
ure out which approach is preferable in the different image
modalities. In hybrid PET imaging, some authors recommend
the use of fixed bin size, as a more robust, repeatable method,
less sensitive to segmentation and reconstruction changes [75,
77]. Other authors prefer fixed bin number, since this is less
correlated with the lesion volume (e.g., 64 bins are recom-
mended since this is sufficient to cover SUV ranges of onco-
logical lesions with 0.25 increments [78, 79].

Some recommendations for discretization algorithms are pro-
posed for eachmodality in [19] in order to optimize feature inter-
and intra-sample reproducibility. Discretization based on fixed
bin number is not recommended when the re-segmentation can-
not be defined (e.g., on images in arbitrary units).

Quantitative macroscopic image features
in hybrid imaging: are they still considered
in radiomics?

Among the most popular image measures adopted in the first
radiomic studies, we found, were features extracted from a
lesion as a whole. Some of these metrics have been now clas-
sified within radiomics as “local intensity features” [19], but,
with more popular names, have been used and considered for

decades as standards for quantitative assessment and reporting
in oncology, having being introduced in recent years also in
cardiology [e.g., 80] and in rheumatology [e.g., 81, 82].

However, these macroscopic features are not able alone to
properly reflect intra-tumor heterogeneity explaining different
phenotypes; they are still considered in recent radiomic studies,
for several reasons. First of all, clinical recommendation and
guidelines still suggest the use of these standard quantitative
metrics for the evaluation of response to therapy [e.g., 83–85].
Indeed, at present, there are no results on the level of variations
of textural features to be considered for the evaluation of treat-
ment response. In other radiomic studies, the goal is to under-
stand the advantage of textural features compared to standard
macroscopic indices with respect to the diagnosis and progno-
sis of patients, by evaluating their possible complementary and
synergistic role [79]. Currently, there are still several radiomic
studies that combine macroscopic indices with textural or other
radiomic indices [e.g., 60, 86–91]. Another reason for consid-
ering macroscopic indexes for lesion characterization is that
textural parameters are derived on a series of neighboring
voxels, thus imposing limitations on the lesion size to be ex-
tracted. This limitation has a particular impact on PET images
due to the poor spatial resolution. For PET, in Orlhac et al. [39],
a limitation of 5 cc volume was indicated on the basis of a
minimum number of neighboring voxels in the x, y, or z direc-
tions, and accounting for spatial resolution.

Macroscopic image features in CT studies

In CT studies, linear, cross-sectional, and volumetric measures
of tumor size, in particular anatomical tumor volume (ATV),
have been for years the most common indices for quantifying
cancer aggressiveness and response to treatment [e.g., 92].
Some radiomic studies, in particular in the early days, used
ATV together with other advanced features for prediction of
response to therapy or recurrence [e.g., 93] or for disease char-
acterization [e.g., 94]. Some studies showed also a role in prog-
nosis and response to treatments of semi-quantitative measures
describing the tumor (e.g., space locations, size, shape, lobula-
tion, concavity, irregularity, border definition), the surrounding
tissues (vascular convergence, fibrosis periphery) and the
tumor-associated findings (nodules, vascular involvement).
These descriptors are defined, evaluated, and ranked by inde-
pendent expert radiologists, often adapted from the Imaging
Reporting and Data Systems (I-RADS) of the Colleges of
Radiology and from the lexicons of the reference societies.
Thanks to the high spatial resolution of CT images, tumor-
size features are usually able to be defined manually [e.g., 95].

Macroscopic image features in PET studies

Standardized uptake value (SUV), defined as the mean or the
max value of radiotracer uptake in a ROI normalized to patient
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characteristics, has been the most used quantitative index in
PET studies. In addition to SUV metabolic tumor volume
(MTV), accounting for the total metabolically active volume
of a lesion was considered as a macroscopic PET image fea-
ture. SUV peak, that is the mean of SUV in a fixed-size region
of interest around the maximum uptake value, is another stan-
dard quantitative measurement, and has been recommended
for both clinical diagnosis and treatment response [84]. This
index was considered more reliable and stable with respect to
the maximum value since it is less vulnerable to statistical
noise; at the same time, it is less impacted by the technique
used for tumor delimitation. Another PET measure, derived
from the two mantioned above, is total lesion glycolysis
(TLG), which is the product of MTVand mean SUV. All these
measures have been proven feasible in many oncological stud-
ies; they have been found to be increased in patients with poor
prognosis, and decreased in patients responding to effective
therapies [96]. However, they suffer from different draw-
backs. The most important limitation is related to the partial
volume effect (PVE) [e.g., 5, 6] occurring within the size of a
cancer lesion, which is comparable with the PET spatial reso-
lution. This effect impairs the accuracy of quantification of
MTV and the other-MTV-derived indexes, which can be
strongly underestimated for lesions of a few centimeters in
diameter. In order to compensate for this effect, some authors
have considered only large tumors (e.g., diameter > 2 cm)
[e.g., 97]; others have used reconstruction methods incorpo-
rating spatial resolution recovery [3]. PVE compensation has
proved to increase the statistical significance of correlations
among PET MTV, SUV, and TLG and biological prognostic
indexes or clinical outcome [98–100]. No studies on the im-
pact of PVE correction on radiomic descriptors are published
to our knowledge.

In different studies both using hybrid PET/CTor PET/MRI
scanners or by using images PET and CT or MRI from single
scanners, PET quantitative macroscopic indexes have been
used in combination with CT or MRI macroscopic features
in order to evaluate their relationship and their synergic role
for diagnosis or for the evaluation of prognosis or response to
therapy [e.g., 60, 101–103].

Macroscopic image features in MRI studies

Considering multiparametric MRI, an effort was made to ex-
tract quantitative parameters to be used in clinical settings.
From T1- and T2-weighted, morphological and tissue charac-
teristics should be explored by quantifying longitudinal and
transverse relaxation. Despite the efforts to quantify tissue T1
and T2 values, current clinical cancer diagnosis and monitor-
ing is still based on qualitative visual inspection [104].

T1 contrast was considered quantitatively in dynamic
contrast-enhanced- (DCE-) MRI. DCE-MRI studies are T1-
weighted acquisitions performed by following the intake of

exogenous contrast agents, paermitting imaging of tumor an-
giogenesis to be performed. Several pharmacokinetic models
have been developed to describe perfusion in the tissue mi-
crostructure, measuring contrast media passage in tumor tis-
sues and several kinetic parameters such as Ktrans (volume
transfer coefficient) and Ve (extracellular volume ratio) were
proposed both calculated at voxel level or as a mean in the
tumor. Mean values of such parameters are still evaluated to
characterize tumors at the baseline diagnosis as well as re-
sponse to therapy [e.g., 105–107].

Functional diffusion-weighted MRI (DWI), measuring im-
peded water diffusion due to tissues microstructural organiza-
tion, has emerged as a powerful diagnostic tool. The degree of
impeded water diffusion can be measured in DWI by the ap-
parent diffusion coefficient (ADC), obtained by fitting of the
signal decay observed at different diffusion weightings. Mean
value of ADC in tumor has been used for tracking both tumor
progression and response to treatment, with promising results
in different tumor malignancies [e.g., 60, 108–110], since it
expresses tissue cellularity and integrity of cell membranes
[111]. With respect to PET, a few methodological works have
been devoted to address, examine, and eventually solve tech-
nical issues related to the extraction of ADC from DWI-MRI
images and to assess ADC quantitative accuracy [112, 113].
Only in recent years have international initiatives been pro-
moted to study from a methodological point of view and to
standardize the extraction of such macroscopic measures, as
well as to evaluate their accuracy with respect to acquisition
and volume definition [114].

In addition to oncology, ADC values are also used in neu-
rology for evaluation and characterization of brain alterations
and abnormalities [115–118].

In recent years, the radiomics approach has been widely
applied to multiparametric MRI [e.g., 119–121], and high-
throughput methods for imaging biomarkers extraction have
been applied to the different acquisitions and in different ma-
lignancies. Despite this, in many MRI radiomic studies macro-
scopic metrics are still considered, and macroscopic parameters
have been included in prediction models since their use in
clinics, due to the lack of studies showing their effectiveness
with respect to advanced radiomics indices [e.g. 122–124].

Feature extraction

There are different methods for extracting radiomic features.
The initial lack of standardization in terms of nomenclature,
definitions of features, and methods for radiomic feature cal-
culation [79] has been resolved, and a radiomic feature stan-
dardization is now described in a consensus-based framework
on radiomics [19], proposing the classification of radiomic
features into a number of families with clear computational
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methods that include morphological and statistical features
and filtering techniques.

In general, image features can be computed according to
two main approaches: the first, which is the one widely
adopted in the approaches discussed in this manuscript, is
based on hand-crafted features, whilst the second employs
automatic descriptors generated by deep neural networks.

Hand-crafted features in radiomics leverage on morpholog-
ical and textural analysis, usually integrated together to im-
prove performance. Morphological features compute measures
describing the size and shape of the ROI either in 2D or 3D,
which are therefore independent from the gray level intensity
distribution. Textural features are calculated from matrices de-
scribing the presence of patterns in the images, and they are
based on statistical features and on other descriptors capturing
texture information. Statistical features compute first- and
second-order measures: the former consists of several statistical
moments of the first-order image histogram, such as mean,
standard deviation, skewness, and kurtosis. The latter are de-
rived from the the gray-level co-occurrence matrix (GLCM),
which describes the second-order joint probability function of
an image: it is a matrix whose row and column numbers rep-
resent gray values, and the cells contain the number of times
corresponding grey values are in a certain relationship (angle,
distance). GLCM-based features such as second order entropy,
energy (also defined as angular second moment) cluster shade,
contrast homogeneity, dissimilarity, and correlation describe
the heterogeneity and local variation in the image.
Furthermore, as mentioned before, a plethora of other textural
image features exists, such those now described. A gray level
run-length matrix (GLRLM) is a two-dimensional matrix
where each element (i,j) counts the number of homogeneous
runs of j voxels with gray intensity i in the specified direction.
The gray level size zone matrix (GLSZM) is a matrix in which
the element at row i and column j corresponds to the number of
homogeneous zones of j voxels with the intensity i, therefore
providing information on the size of homogeneous zones for
each gray level. In the neighborhood gray-tone difference ma-
trix (NGTDM), the ith entry is a summation of the differences
between all pixels with gray-tone i and the average value of
their neighborhoods specified by a given mask [125]. Different
features can be computed from such matrices, such as the
coarseness, contrast, entropy, etc. The local binary pattern
(LBP) is a grayscale texture descriptor assigning to each pixel
of the image a label obtained comparing such a pixel to each of
its eight neighbors along a circle, which can be run clockwise
or counterclockwise. Different types of LBP operators can be
computed varying both the pixel arrangement and the number
of neighbors [126]. Readers interested in feature extraction in
radiomics can also refer to pyradiomics, i.e., an open-source
Python package for the extraction of 2D and 3D radiomics
features that aims to establish a reference standard in this field
for easy and reproducible feature computation [127].

Filtering techniques transform images by linear or non-
linear filters to reduce noise, and then statistical methods are
applied to extract imaging features at different levels. Filters
include square, square root, logarithm, exponential filters,
wavelet, and Laplacian of Gaussian (LoG).

In several fields, without being limited to radiomics or
medical imaging, the rapid uptake of deep learning has im-
proved not only predictive power but also the ability to gen-
erate automatically optimized high-level features [128]. While
in several cases feature extraction and model fitting take place
in a unified step, there is a consensus that the generic descrip-
tors extracted from the deep neural networks are very power-
ful, as recent results have indicated. Therefore, deep features
are used by some authors to feed different traditional machine-
learning algorithms [129–131]. We do not describe more deep
features, since interested readers can find more details in other
manuscripts of this special issue that are specifically directed
towards deep learning in radiomics. This choice is also moti-
vated by the fact that that all the papers on decision models in
hybrid imaging that we will introduce in the next section make
use of hand-crafted features.

A large number of characteristics can be calculated accord-
ing to the suggested methodology. However, as it is not yet
clear what are the most useful features to explain significantly
the differences in phenotypes, in any work of radiomics, it is
suggested that there should be an explicit description and an-
notation of which features have been considered by following
specific indications and a required nomenclature, including
specifications relative to all the steps of the workflow de-
scribed for the radiomic analysis. For example, it should be
reported which features are calculated with reference to fea-
ture definitions, or otherwise described in detail, and the spe-
cific settings used for feature calculation (e.g., image modal-
ity, interpolation, resegmentation, discretizationmethod). This
good praxis should facilitate the evaluation and comparison of
future findings coming from the research and clinical commu-
nities studying radiomics.

The number of features that can be extracted depends on
the variety and size of patient data available to train the model.

For this purpose, multicenter studies from multiple hospi-
tals can bemore effective than single-center studies. However,
collecting data from multiple hospitals is difficult due to eth-
ical, legal, and administrative issues. In order to avoid these
problems, it is possible to use a distributed learning approach,
i.e., learning from data without the data leaving the hospital.
There are several techniques that allow distributed learning.
Some of these techniques are aimed at the horizontal distribu-
tion of data, that is, each center has the same variables but
different patients [132, 133]. Other algorithms are focused
on vertically distributed data, i.e., different parts of the same
patient data reside in different centers [134, 135]. Bayesian
networks adapt to both problems [136–139] and have already
been used both for binary and continuous variables [140, 141],
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allowing effective management of missing data that often oc-
curs with multicenter studies.

Decision models in hybrid imaging: how
to build smart and truly multi-parametric
decision models for radiomics

Feature selection

The spread of “-omics” strategies has strongly changed the
way of thinking about the scientific method [142]. Indeed,
managing huge amounts of data eventually collected from
heterogeneous sources imposes the replacement of the classi-
cal deductive approach with a data-driven inductive approach,
so as to generate hypotheses from data.

In this respect, data reduction (also known as feature selec-
tion) is a crucial step, also because of the sparsity of significant
features in the (big) datasets.

Before beginning the modelling of endpoint of interest
from radiomic features, exploratory statistical analysis is use-
ful to find out which features are related to the endpoint of
interest, but also to rule out those features that are not corre-
lated and/or are redundant. Relevancy, in this context, is the
property of being predictive of the endpoint of interest.
Redundancy refers to features that are highly associated with
others because they describe the same image properties. Some
of these features can be removed as they are not independent
predictors of the outcome.

As already underlined, radiomics features should be select-
ed with respect to their stability for variation in acquisition/
reconstruction protocol and segmentation methods. If a re-
peated data set is available, a selection of imaging features
based on their reproducibility as obtained by the test–retest
may be important [68, 143]. This selection can be made by
evaluating, for example, the intraclass correlation coefficient
[144, 145].

Redundant features can be identified by the analysis of the
covariance matrix of the characteristics extracted for the study
sample. Clusters of highly correlated features can be reduced
to a single representative image feature, usually chosen as the
one presenting the highest dynamic range between the sub-
jects under study [e.g. 146]. The dimensionality of the data
can also be reduced by analytic methods such as the analysis
of the principal components that combine or transform the
original features into a new set of features with low dimen-
sions [147]. Principal component analysis, as well as other
linear transforms, determines a new subspace of dimensional-
ity m (either in a linear or a nonlinear way) in the original
feature space of dimensionality d (m ≤ d). However, the new
features generated by this process break the interpretability of
the original features, a situation that many researchers do not
accept. One popular supervised feature selection method is the

minimum redundancy maximum relevance (mRMR) method,
based on the mutual information between a set of features and
the outcome variable. mRMR ranks the input features bymax-
imizing the MI with respect to outcome and minimizing the
average MI of higher-ranked features [12].

Nearly all radiomics works explore the data in a supervised
fashion and, in this respect, most of the studies performing the
textural analysis on MRI and PET analyze statistical correla-
tion, by analyzing if radiomic features are different between
groups of patients with different outcomes. According to a
widely used taxonomy distinguishing feature selection
methods based on their outcomes [148], theymake use feature
ranking methods, such as appropriate parametric (e.g., t-tests)
or nonparametric tests (e.g., Mann–Whitney) [149, 150]. The
Spearman’s rank test can be used to order to identify features
that are inter-correlated, in order to remove them from later
analysis [151]. These ranking approaches provide outcomes
measuring the degrees of dependency of individual features
with respect to the target concept. For example, number non-
uniformity from NGLDM on PET was the only independent
predictor of pathologic response to neoadjuvant chemothera-
py for breast cancer (p = .009) [149]. The change of features
from [18F] FLT-PET and MRI images, acquired before and
after treatment, were ranked according for reproducibility in a
test/retest evaluation. A scoring function was used to rank the
features, which was a combination of the feature variability
between test and retest measured using the Bhattacharyya dis-
tance, and its sensitivity in capturing response to the treatment
as well as for capturing treatment response for renal cell car-
cinoma [152].

Model assessment

The generalization performance of a learning method relates
to its prediction capability on independent test data.
Assessment of this performance is very important not only
because it helps researchers to select the learning method or
model, but also because it provides us a measure of the quality
of the chosen model. For these reasons, this issue is discussed
now before sub-section 'Modelling', which deals with model-
ling approaches. This section aims to offer an overview of
how to assess a predictive model mostly to empower the
readers to judge the quality of published models, whilst inter-
ested readers can refer to [153–158] to deepen this topic. In
particular, we now introduce performance metrics, and then
we will overview techniques to design the experiments to
estimate the generalization performance.

Classification tasks in radiomics can be either dichotomies
or polychotomies, with a large predominance of the former
over the latter; in particular, the literature in hybrid imaging
deals with binary tasks, such as classification of recurrence-
free survival [74], predicting response to neoadjuvant
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chemoradiotherapy in esophageal cancer [91], predicting if a
lesion will turn out to be metastasis [159, 160], etc..

The confusion matrix contains raw data representing the
behavior of a classification system on a set of samples and,
for this reason, it is used to evaluate the performances. In this
respect, Table 1 shows the confusion matrix in the case of a
binary classification task. A first performance score that can
be derived is the classification accuracy, defined as
acc = (TP + TN)/(n− + n+), where n− =FP+ TN and n+ =
TP + FN stand for the number of samples in the negative
and positive classes respectively. However, a model cannot
be assessed in terms of classification accuracy only, as it is
strongly biased to favour the majority class since class distri-
bution is the relationship between the first and the second
column of the confusion matrix [161]. Hence, the analysis of
the performances in terms of accuracy only would be mislead-
ing when the prior class probabilities are different. As an ex-
ample of this issue, consider the following meaningless situa-
tion where in a dataset only 4% of lesions turn out to be a
metastasis (associated to the positive class): in this case, if the
model labels all test samples as negative it will achieve an
accuracy of 96%, but it will fail on all positive cases. Since
any performance measure based on values from both columns
will be inherently sensitive to class skew, it would be more
interesting to dissociate the errors (or the hits) per class. In this
respect, four metrics independently estimate the performances
in the two classes; following the notation introduce in Table 1
they are:

& Sensitivity, also named as true positive rate or recall, de-
fined as TPrate = TP/(TP + FN);

& Specificity, also named as true negative rate, defined as
TNrate = TN/(TN + FP);

& False negative rate, defined as FNrate = FN/(TP + FN);
& False positive rate, defined as FPrate = (TN + FP);

Since FNrate = 1−TPrate and FPrate = 1−TNrate, two indepen-
dent pairs are sufficient to describe classifier performances
since they are independent of prior probabilities and, hence,
they are robust when prior class distribution changes over time
or over the training and test sets.

Furthermore, the ROC graph is a two-dimensional graph
depicting relative trade-offs between TPrate plotted on the y
axis and FPrate plotted on the x axis. Therefore, ROC space
corresponds to a square of unitary side, and the point
representing the best performance is (0,1), i.e., the uppermost

left corner of the square. ROC curve has the attractive property
of being insensitive to changes in class distribution. Since the
curve is a two-dimensional plot of classifier performance, a
common method to compare classifiers consists in reducing
ROC performance to a single scalar value by computing the
area under the ROC curve, which is referred to as AUC. This
value will always be between 0 and 1, but no realistic classifier
should have an AUC less than 0.5, which corresponds to ran-
dom guessing the output class. If the experiment consists in
several runs, it is very important to properly average the ROC
curve to plot a single graph reporting the average perfor-
mance. Indeed, vertical averaging, which takes vertical sam-
ples of the ROC curves for fixed FP rates and averages the
corresponding TP rates, is appropriate only when the FPrate
can be fixed by the researcher, or when a single-dimensional
measure of variation is desired [162]. Furthermore, in this case
the FPrate is often not under the direct control of the researcher.
Hence, it is better to average ROC curves using an indepen-
dent variable whose value can be controlled directly, such as
the threshold on the classifier scores used to compute the
curves themselves. This will produce an average ROC curve
with confidence bars in the x and y directions. Finally, it is
worth noting that the ROC graph measures the ability of a
classifier to produce good relative instance scores: this implies
that classifier scores should not be compared across models
until they have been properly calibrated [154], i.e., they pro-
duce scores lying in the same interval.

To assess the performances for regression models, we swap
the accuracy or error computation by, for example, the mean
squared error (MSE):

MSE ¼
∑l

i¼1 ŷi−yi
� �2

l

This quantity measures the average squared difference be-
tween the actual value yi and the predicted value ŷi is the
forecasted value, with l being the number of samples.

All the metrics mentioned so far are used to estimate the
predictive performance of a model on unseen data. In this
respect, we now overview the holdout method, different tech-
niques within the bootstrap approach and k-fold cross-valida-
tion, which can be used to design the experiments.

The holdout method is the simplest model evaluation tech-
nique, which takes a labeled dataset and splits it into two parts
referred to as training set and test set. Then, we fit a model to
the training data and predict the labels of the test set. Since
subsampling without replacement alters the statistics of the
sample, we can appeal to stratification, i.e., an approach to
maintain the original class proportion in resulting subsets.
Nevertheless, random subsampling in non-stratified fashion
is usually not a big concern when working with relatively
large and balanced datasets. Furthermore, when dealing also
with hyperparameter tuning, researcher can appeal to a three-

Table 1 Confusion matrix of a 2-classes problem

Actual positive Actual negative

Hypothesise positive True positive (TP) False positive (FP)

Hypothesise negative False negative (FN) True negative (TN)
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way split that divides the dataset into training, validation, and
test datasets. This allows us to have a training-validation pair
for hyperparameter tuning, independent from the test set. The
holdout method may suffer from pessimistically biasing the
estimate of the generalization performance, since it uses only a
portion of the dataset to train the model. Furthermore, al-
though reducing the size of the test set (i.e., increasing the size
of the training set) may decrease this pessimistic bias, the
variance of a performance estimates will most likely increase.
Since this could be particularly true in case of relatively small
datasets, the holdout method is usually considered to be fine
when working with large datasets.

The bootstrap approach generates new data from a popula-
tion by repeated sampling from the original dataset with re-
placement [155]. Performances are evaluated on so-called out-
of-bag samples, which are the unique sets of instances that are
not used for model fitting. In practice, for each bootstrap iter-
ation we create a bootstrap data set by sampling with replace-
ment, which is the same size as the original dataset. As a
result, some observations may appear more than once in a
given bootstrap data set and some not at all. The remaining
samples that were not selected for training are used for testing,
and the performances are estimated as the average values on
test instances. Such an approach may suffer from a pessimistic
bias, since bootstrap samples only contain approximately
63.2% of the unique examples from the original dataset
[163]. To cope with this issue, Efron introduced the .632
Estimate [163], where the estimated model accuracy is com-
puted weighting by 0.632 and by 0.368 the resubstitution ac-
curacy (i.e., the accuracy estimated on the training set) and the
out-of-bag sample accuracy respectively. Since this latter ap-
proach can provide an optimistic bias in case of overfitting, in
[156] the authors proposed the .632+ Bootstrap method,
where the weights of the resubstitution and out-of-bag accu-
racies are computed using some a-priori class distribution of
the dataset and the proportion of each class example that the
classifier predicts in the dataset.

K-fold cross-validation is another approach to estimate the
performances. It is based on the idea that each sample in the
dataset has the opportunity of being tested. In each round, we
split the dataset into k parts: one part is used for model eval-
uation, and the remaining k−1 parts are merged into a training
subset. Furthermore, when there is the need to tune the model
hyperparameters, researchers and practitioners can refer to
nested cross-validation, where an inner loop nested within
the cross-validation loop is used to select the best predicting
model on k-fold cross-validation of the training fold. After
model selection, the test fold is then used to evaluate the mod-
el performance. This procedure offers a workaround for small-
dataset situations that shows a low bias in practice where
reserving data for independent test sets is not feasible [164].
In general, cross-validation tries to reduce the pessimistic bias
of holdout approach by using more training data, in contrast to

setting aside a relatively large portion of the dataset as test
data, while maintaining not overlapping the test folds, as op-
posed to repeated holdout iterations. Leave-one-out cross-
validation (LOOCV) is a special case of k-fold cross-valida-
tion occurring when the number of folds is equal to the num-
ber of samples. In this case, for each iteration during LOOCV
we fit a model to n−1 samples of the dataset and evaluate it on
the single, remaining data point. Although computationally
expensive, LOOCV can be useful for small datasets.
Furthermore, LOOCVestimates are generally associated with
a large variance and a small bias. Several works in the litera-
ture discuss how the choice of k affects the variance and the
bias of the estimate, but there exists no universal (i.e., valid
under all distributions) unbiased estimator of the variance of
k-fold cross-validation [165]. Hence, there is interest in setting
k to find a trade-off between variance and bias in most cases.
While interested readers can refer to [153, 157, 166] to delve
into this issue, as a rule of thumb 10-fold cross-validation
offers the best trade-off between bias and variance, especially
when working with small datasets. Moreover, other re-
searchers found that repeating k-fold cross-validation can in-
crease the precision of the estimates while still maintaining a
small bias [167].

The growing interest in deep learning has raised the ques-
tion of model assessment in case of large datasets where the
risk of having high variance is quite small. For this reason, to
assess the models in deep learning it is common to use the
three-way holdout split approach, which is computationally
cheap in comparison with k-fold cross-validation. Indeed,
the availability of many samples suggests that the way we split
the dataset into training, test, and validation should not affect
the measured performances.

Finally, let us note that methods used for model assessment
are used also in the feature selection stage mentioned in pre-
vious subsection. Indeed, feature selection inside the cross-
validation loop reduces the bias through overfitting, but it
may lead to an excessively pessimistic estimate because fewer
training samples are available. Readers interested in this topic
may refer to [168].

Modelling

Once selected on the basis of their informative content as
described in sub-section 'Feature selection', radiomic features
should be combined in integrative models with other biolog-
ical or clinical data from the collected patients, to generate
proper data models to be applied to the study target.

If the study target is disease characterization, the goal is to
evaluate a signature of both imaging and biological features in
order to characterize the different tumor phenotypes. If the
study target is patient outcome or response to treatment, the
goal is to generate a signature of radiomic and/or clinical char-
acteristics to classify and stratify a single patient into groups of
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patients with different clinical outcome, or into groups of
responding and not-responding patients.

More advanced data processing methods can be employed
for the best combination of multi-modal and multi-parametric
biomarkers measured by hybrid imaging, profiting from an
accurate spatial and/or temporal correlation of data. There
are several techniques that can be used as decision models,
and many publications with different purposes with respect to
this review present their different characteristics and radiomic
applications. Among these methods, logistic regression, mul-
tivariate data analysis and classification, multi-kernel learning,
machine learning, and deep learning are able to combine a
number of different image descriptors measured by PET or
CT and MRI within the same classification model [12, 143,
144, 169].

Logistic regression is a popular supervised classifier in
radiomics, possibly because of its simplicity and because it
is well suited for mixed data types [170]. It is particularly
suited to describing radiotherapy outcomes, where the dose–
response usually has-a sigmoidal shape [147]. In a study using
MR standard imaging procedures combined with
O-(2-[18F]fluoroethyl)-L-tyrosine (FET) PET, for the differ-
entiation between local recurrent brain metastasis and radia-
tion injury, a logistic regression model was iteratively selected
using the Akaike information criterion (AIC). AIC is a metric
to evaluate goodness-of-fit, developed in information theory
to provide balance between fitting the regression model and
ability of the model to predict on out-of-sample data, minimiz-
ing the risk of overfitting. The diagnostic accuracy for the
correct differentiation of radiation injury from brain metastasis
recurrence was almost 90% [171]. Logistic regression was
used also in [91], which investigates how to predict the tumor
response to neoadjuvant chemo-radiotherapy in esophageal
cancer (EC) patients.

In [172], the authors studied a different multi-modal image-
based approach for predicting post-radiotherapy tumor pro-
gression in non-small-cell lung cancer (NSCLC). To this
end, they analyzed pre-treatment FDG–PET/CT studies of
27 patients, considering local and loco-regional failures. The
authors computed a feature set composed of 32 tumor region
measures that are based on SUVor HU, on intensity-volume-
histogram, and on texture. The statistical analysis was per-
formed using Spearman’s correlation and multivariable logis-
tic regression. In particular, the Spearman’s rank correlation
coefficient makes it possible to correctly rank the response
that determines the usefulness in treatment planning selection
of an outcome prediction model [173]. The results attained
suggested that computing the image features leveraging on a
multimodal strategy provides better performance compared to
other approaches.

Another approach exploiting PET/CT and MRI was pre-
sented in [174], where the authors mined 216 features com-
puted from the PETcomponent of PET/CT and the three MRI

sequences (ADCmap fromDWI, CE-MRI and T2), plus eight
other clinical and histopathological parameters and three other
treatment parameters. Although not fully hybrid, this is one of
the few attempts that truly compute multimodal information.
The authors then used Cox regression for multivariate
analysis.

An integrated multi-omics model of PET/MRI based
radiomics was proposed for prediction of molecular subtype
ccA and ccB in patients with primary clear cell renal cell
carcinoma (ccRCC). Radiomic features were reduced using
sparse partial least squares discriminant analysis (SPLS-
DA); then Fisher’s linear discriminant analysis (a method that
separates patients into two classes using a linear combination
of features) was used to obtain the discriminant model in the
low dimensional space, in order to derive strongly predictive
radiomic signatures [175].

In unsupervised clustering, the machine-learning algorithm
has no prior knowledge of the tumor and outcome. The ad-
vantage is to identify a cancer subtype in the database of
known patients with similar characteristics to the unknown
cancer in terms of features. Consensus clustering is a method
that provides consensus across multiple runs of a clustering
algorithm by subsampling data, evaluating the stability and
the best number of clusters [176]. When applied to PET and
MRI radiomics for prediction of breast cancer phenotypes and
prognosis, unsupervised clustering created three subgroups of
features which were associated with tumor grade, overall
stage, breast cancer subtypes, and disease recurrence status
[177].

A different approach to managing multimodal images
could be to fuse the two image sets. Fusion features are related
to multimodal image datasets that can be geometrically
aligned by registration. Discrete wavelet transform (DWT)
can be applied to the registered datasets to combine the spatial
and frequency characteristics of multimodality images. In the
work of Vallieres [178] PET and MRI were fused into PET/
MRI scans. The weight of MRI wavelet sub-bands in the
FDG-PET/MRI fusion process, and the presence or not of
inversion of MRI intensity values, were studied as radiomic
features applicable only to fused images. A set of features
extracted from the fused images was selected through a step-
wise forward selection, then they were included in a multivar-
iable logistic regression model. In this analysis, it was con-
cluded that fused features could be superior to using separate
features extracted from individual images. The same authors
in [159] improved the predictive performance of their texture-
based radiomic model by optimizing image acquisition pa-
rameters before the computation of texture feature. To this
end, they considered a data set of PETandMRI of 30 patients,
whilst the endpoint consisted in early prediction of lung me-
tastases in soft-tissue sarcomas. To optimize PET and MR
image acquisition protocols, the authors performed computer-
ized simulations of image acquisitions with varying
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parameters. The experiments were conducted applying the
bootstrap approach, and the results identify an optimal set of
image acquisition parameters improving prediction perfor-
mance. Indeed, on the one hand, the model based on textures
computed from simulated images acquired with a standard
clinical set of acquisition parameters attained an average
AUC of 0.84 ± 0.01. On the other hand, the use of an optimal
set of image acquisition parameters significantly increases
model performance (p = 0.04), achieving an average AUC of
0.89 ± 0.01. More recently, PET data were combined with CT
or MRI to identify a tumor subregion that is expected to con-
tain cells with similar genotypes and phenotypes (i.e., habi-
tats) with distinct combinations of metabolic activity with cel-
lularity or perfusion [160]. In nuclear hybrid imaging, the CT
shows a relationship between high or low metabolic regions
with blood volume, cellular uptake, and washout, whilst the
PET pharmacokinetic analysis makes it possible to calculate
the glucose metabolic rate, reflecting the local glucose con-
sumption [179]. An early attempt in this direction collected
data of 13 patients affected by lung cancer and, using a tradi-
tional descriptive statistic-based approach, identified four tu-
mor regions with different biologic activity [160].

The presence of hypoxia is an important prognostic factor
in many types of cancer. A radiomic signature combining
contrast-enhanced CT and 18F-FDG PET features was imple-
mented for the presence of high level of hypoxia, defined in
terms of its maximum tumor-to-blood uptake ratio > 1.4 in the
18F-FMISO PET for head and neck cancer. The signature had
AUC of 0.833 in the validation subset, and used long-run
high-gray-level emphasis; the volume with voxels above 70
Hounsfield units from CT, and the maximum (90th percentile)
SUV, and the skewness of SUV from PET [180].

One of the factors that prevents clinicians from accepting
these machine-learning methods into clinical practice is that
they are perceived as “black boxes”, meaning that it is difficult
to determine how they arrive at their prediction. Deep neural
networks are particularly difficult to understand due to the
large number of interacting, non-linear parts [125, 181]. In
order to ease interpretability of radiomics for the clinician,
the visualization of maps highlighting regions of the tumor
that determine the prediction of the deep-learning classifier
have been proposed [127].

What is already smart and truly available?

Radiomic software tools

Although most published studies use in-house developed
methods, some research groups have implemented software
tools dedicated to medical image analytics to be shared with
the scientific community. These tools can be useful: 1) to
accelerate competences of groups with more recent skills on

the topic, 2) to allow results from different research groups to
be reproducible and comparable, and 3) to standardize both
feature definitions and computation methods impacting on the
reliability of radiomic data [19].

All the products considered in this overview were devel-
oped by research teams from universities and laboratories
(TexRAD [182], MaZda [183–185], LifeX [186], ePAD
[187], HeterogeneityCAD [8], PyRadiomics/Radiomics
[188], QuantImage [189], Texture Analysis Toolbox [178],
and IBEX [190]).

The majority are designed to analyze CT, MRI, and PET;
some of them can also analyze other imaging modalities, such
as mammography, radiography, or ultrasound.

The five software systems (TexRAD, MaZda, LifeX,
ePAD, IBEX) offer the possibility of segmenting the images
of lesions, by algorithms ranging from manual to automatic
segmentation (e.g., threshold-based algorithms). The three
toolkits (HeterogeneityCAD, PyRadiomics/Radiomics, and
Texture Analysis Toolbox) are algorithms developed exclu-
sively for features extraction. They can be embedded in more
complete software (e.g., 3D Slicer [191]).

All the considered products can extract morphological,
first-, second-, and third-order statistical features, except for
ePAD. Four of them (TexRAD, MaZda, PyRadiomics/
Radiomics, and IBEX) present the possibility of extracting
filtering features.

MaZda is implemented with algorithms to reduce feature
dimension (e.g., Fisher score). TexRAD can perform discrim-
ination between high- and low-risk patients.

Table 2 presents some of the software, web platforms, and
toolkits available free of charge for the extraction of radiomic
features, along with some of their main characteristics. Table 2
does not represent an exhaustive list of the products currently
available or in the process of being delivered. Furthermore,
considering recent and increased interest in the radiomic field,
many other dedicated tools are under development and similar
tables have been published elsewhere, for instance as reported
in [186, 192].

Table 3 shows commercial software programs, which are
also becoming increasingly available, due to the interest of
many medical device incumbents as well as newcomers such
as commercial spin-off of research groups or de-novo start-up
companies. However, this table does not aim to comprehen-
sively include all marketed commercial solutions, which be-
come available at a high pace. Such software programs can be
divided into:

– research platforms, i.e., tools enabling the discovery of
new signatures by linking quantitative imaging bio-
markers, clinical and -omics data as input to clinical end-
points as output. These platforms are usually considered
to be non-medical devices in that they do not affect the
clinical routine, run usually on independent workstations,
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and are not used to drive clinical decisions. Their main
differentiator from open-access software consists of
workflow optimization and efficiency improvements, en-
abling an automatic, end-to-end seamless processing
pipeline. TexRad®, QIDS®, RadiomiX, iBiopsy® and
EVIDENS offer research capabilities at a different level,
ranging from simple features extraction to image filter
application and machine-learning modules. In research
mode, these software programs are usually open to pro-
cess any 3D image, DICOM or not, up to 2D digital
pathology images.

– clinically validated software programs, to provide deci-
sion support systems (DSSs) based on already discovered
signatures and thoroughly validated on large independent
datasets, also known as clinical-grade DSSs. In order to
use these DSSs in clinical practice, regulatory clearance is
usually needed, as they fall within the definition of med-
ical devices in many regulatory systems, e.g., class I or II
medical device as a function of their intended use (e.g.,
mere support to decision versus a computer-aided diag-
nosis/prognosis). DSSs are usually limited to a specific
modality, mostly CT, and to a specific disease in a specific
body district: these constraints come primarily from the
intended use definition to which these DSSs are subjected
to be compliantly marketed.

These research or clinical grade DSSs can be embedded
into more comprehensive platforms such as picture archive
and communication systems (PACS), hospital information
systems (HIS), oncology information systems (OIS) or treat-
ment planning systems (TPS), or can be stand-alone. Usually,
existing large medical device producers tend to embed DSSs
into their research or clinical solutions, while newcomers of-
ten offer their solution as a standalone system.

It is not unusual that large medical device players embed
open-access or commercial software programs to provide their
customers with the possibility of exploring or exploiting
radiomic potential: examples are IntelliSPace Discovery
(Philips, the Netherlands) which interfaces to Pyradiomics,
Advantage Workstation (GE, Buc, France) which interfaces
through a plugin to Quantib™ Brain, or Syngo.via Frontier
(Siemens, Erlangen, Germany) which interfaces to RadiomiX.

It is also beneficial to mention the platform (www.envoyai.
com) which offers the possibility of sharing applications and,
once solutions reach product maturity, of commercializing them.

Radiomic biobanks

Radiomic studies can benefit from large datasets including
large number of medical images of patients related to clinical
and -omics data. Sharing images and data acquired in cancer
studies from multiple centers facilitates the collection and

storage of clinical cancer datasets to apply the concept of
personalized medicine on big data in oncology [202].

With this aim, several initiatives have been started at inter-
national level to promote the creation of imaging biobanks in
organized databases. A survey among the European Society
Radiology (ESR) members published in 2015 [203, 204] de-
scribes 27 imaging biobanks, designed for research and clin-
ical purposes. However, in 80% of these the access to images
is restricted.

The AmericanNational Cancer Institute (NCI) has support-
ed several initiatives, e.g., Quantitative Imaging Network
(QIN), Cancer Imaging Program (CIP) and Informatics tech-
nology for Cancer Research (ITCR), with new programs
funded for Imaging and Digital Pathology in ITCR. One of
the most important for radiomics studies is The Cancer
Imaging Archive (TCIA) [205], an archive of medical images
of cancer (CT, PET, MRI), collected from patients with com-
mon cancer diseases (e.g., breast cancer, lung cancer) acces-
sible for public download together with -omics and clinical
data when available. At a European level, some European
biobanks, UK Biobank [206] and the German National
Cohort [207] have launched new projects aimed at the assess-
ment of medical imaging for personalized medicine.

However, despite the efforts to design and optimize imag-
ing biobanks, these are not yet a reality, and further steps must
be taken to ensure quality standards in submitted data and in
the integration of imaging data with clinical and -omics data.

A new frontier of data sharing gaining increasing momen-
tum consists of distributed machine learning. This approach
akes it possible to create virtual biobanks without the need to
centralize the data. Also, it allows for a privacy-preserving
solution by eliminating the need to transfer private data out
of a hospital. In a nutshell, this approach is based on the
mathematical proof that, for a selected subset of machine-
learning algorithms (e.g., support vector machine — SVM
— or neural network — NN), the model built by centralizing
the data in only one biobank is equivalent to the model built
by calculating a local model at the biobank of each hospital
and creating a global model from each local model by using an
iterative approach [208]. Prerequisites for such an approach
are technical specifications, such as the definition of an ontol-
ogy at each biobank (e.g., standardized quantitative image
biomarkers and clearly defined endpoints), and formal agree-
ments, such as the ownership of the intellectual property gen-
erated by this shared approach.

Radiomics standardization

A first guidance for investigations to meet the need of stan-
dardized evaluation in the field of radiomics was provided by
Lambin et al. [209]. Experts were brought together in a con-
sensus group by Cancer Research UK (CRUK) and the
European Organisation for Research and Treatment of
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Cancer (EORTC), and asked to answer the needs of imaging
biomarkers (IB) with regard to validation and quality assess-
ment. The group delivered recommendations, in particular
enhancing the importance of multicenter studies to warrant
high quality of IB in clinical studies, and emphasizing the
need to standardize IB and monitor IB precision [144]. This
need has also been recognized by other international groups,
e.g., the Quantitative Imaging Network [210], The European
Society of Radiology [203], the EANM, and the RSNA-QIBA
Metrology Working Group [42], and has led to the image
biomarker standardization initiative (IBSI), an independent
international collaboration born with the aim to provide a
consensus-based framework for radiomics workflow, defini-
tions, nomenclatures, benchmark data sets and values, and
reporting guidelines [19], in order to guide users on a shared
methodology to extract radiomic features and to improve re-
liability of reporting and reproducibility of radiomic studies.
This review has been designed in agreement with guidelines
and recommendations suggested in these radiomic standardi-
zation initiatives.

Discussion and conclusions

Hybrid imaging systems offer enormous amount of comple-
mentary, multi-modal, multi-parametric data, co-registered in
spatial distribution and time, to explore intratumor heteroge-
neity with radiomics at both the anatomical and functional
macroscopic scale.

Predictive models based on AI can be built on these
radiomic multi-parametric image descriptors to personalize
the decision-making for patients, opening a new role for hy-
brid imaging for the prognosis of diseases.

This is an overview of current challenges and available
solutions that can help in translating radiomics and AI appli-
cations into smart and truly multi-parametric decision models
for hybrid PET imaging.

As a first result, this overview of the literature shows that the
advantages offered by the multi-modality of PET/CT and PET/
MRI systems can help to compensate for the complexities of
translating the radiomic approach into hybrid PET imaging.

For example, in hybrid PET/CT studies, radiomic features
extracted from the low-dose CTcomponent of PET/CTcan be
used to better measure heterogeneity in vascularization, necro-
sis, or cellularity and the different tumor tissue components
than is possible with PET alone, thanks to better spatial reso-
lution, spatial sampling, and signal-to-noise ratio. In hybrid
PET/MRI studies, the MRI component can better measure
heterogeneity of vessel density, perfusion, and other physio-
logical tissue characteristics of tumors.

CT and MRI images from PET/CT and PET/MRI studies
can provide a suitable anatomical reference for recovering the

actual uptake on the corresponding PET image affected by
severe quantitation errors due to partial volume effects.

Furthermore, the inherent co-registration of PET and CTor
MRI images offered by hybrid systems can be exploited for a
reliable spatial correspondence between modalities, and used
to guide the segmentation tasks across multimodal images.

However, until a consensus with regard to the best proce-
dures to be used in the workflow of radiomic analyses is
achieved for hybrid imaging (including image protocols for
the acquisition, reconstruction, and the different steps for
radiomic processing of images), based on the available solu-
tions gathered from the literature, we would like to suggest
that prospective radiomic studies from hybrid PET imaging
could consider the following strategies:

– to perform PET/CT image acquisitions according to the
EANM guidelines [42]. Ad-hoc consensus for radiomic
analysis should be obtained from the patients;

– to process images in order to minimize differences be-
tween semiquantitative evaluation [43]. A post-
reconstruction harmonization method could be applied
directly on the extracted radiomic features as in [19];

– to measure and annotate the radioactive injected dose and
residual as well as time of injection for SUV conversion;

– to describe and report denoising and quantitation correc-
tion applied prior to radiomic extraction (e.g., noise filter-
ing, PVE correction), the type of interpolation used, and
the intensity value rounding when applied;

– to segment VOI lesions using automatic or semiautomatic
procedures instead of manual segmentation when possible.
Use different segmentation algorithms and/or operators to
obtain the lesion VOI and then select those radiomic fea-
tures that are more stable with respect to the different seg-
mentation algorithms and/or different operators. When the
segmentation is complex or fails, the VOI can probably be
defined on the structural modality (CT or MR) and then
suitability propagated on the PET. CT or simultaneously
MRI acquisition can be used for movement correction. All
the procedures should be described and reported;

– to apply statistical analysis to select stable features with
respect to any source of variability due to differences in
the acquisition, reconstruction, and segmentation proce-
dures applied to images used for radiomic analysis;

– to describe and report any re-segmentation which has to
be performed due to interpolation;

– to extract radiomics features following harmonized no-
menclature, definition, and calculations when possible
[19], and report on the software tools used, with a clear
description of the used functions;

– to reduce features in order to avoid data redundancy
and avoid disproportion between available samples
and features. All the procedures should be described
and reported.
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This overview shows also that macroscopic image features
are still considered in radiomics studies with hybrid imaging for
several reasons, mainly the need to measure the response to
treatments through the comparison over time of those markers
that have a standardized range of variability (e.g., for the SUV
metrics, a cut-off value of 30% has been accepted for associat-
ing the changes to actual metabolic variations [84]).

Thus, until a consensus with rgeard to the tolerated vari-
ability of radiomic features has been achieved for the evalua-
tion of prognosis or response to therapy, we suggest continu-
ing to measure macroscopic image features and including
them among the candidate features for predictive models.
We recommend also in this case to report their formula and
measurement methods in the relevant publications.

With regard to the decisionmodels based on radiomics, this
overview of the literature shows that the pipeline adopted by
most of the available approaches investigated so far consists in
the use of machine learning and (supervised or unsupervised)
feature selection, prior for the model construction. In this last
step, we observe that logistic regression is used by most of the
papers. Logistic regression is a discriminative method, and it
tries to model by just depending on the observed data while
learning how to do the classification from the given statistics.
As opposed to discriminative approaches, researchers can ap-
peal to generative supervised learning methods that attempt to
fit the conditional posterior probability through the Bayes’
rule, or any mathematical formalism derived from there. In
this respect, there are already concepts that add some param-
eters (e.g., clinical ones) to a generative neural network [211]
to combine the benefits of memorization and generalization. It
is worth noting that not many papers have adopted the gener-
ative approach, most likely because generative methods need
to model both observed and hidden variables. Moreover, they
assume some degree of independence among the model fea-
tures. Focusing again on discriminative models, regression is
one of the available choices, well suited for continuous end-
points such as survival in terms of months. Nevertheless, other
well-known methods exist, best appropriated for non-
continuous endpoints, such as neural networks, decision trees,
support vector machines, and so on, which are widely used in
radiomics, but whose potential in application to radiomics of
hybrid imaging still has to be explored.

Among these, support vector machine (SVM) uses a
boundary to separate data points into two categories by max-
imizing the margin between the two classes. When the two
classes are not linearly separable, they can be transformed
using a non-linear kernel into a higher-dimensional feature
space where they can be separated by a hyperplane.

Random forests are based on decision trees, a popular concept
in machine learning. A group of decision trees is trained, and at
each branching an attribute is chosen to split among a randomly
selected subset of attributes. After a bag of trees is trained, the
most frequently predicted class is taken as the final result.

Neural networks are parallel-distributed, interconnected
computational models that consist of many nonlinear elements
arranged in order to mimic a neuron network [147].

Machine-learning models are prone to overfitting, and
careful feature selection and validation must be performed in
order to prevent this. Because some machine-learning
methods such as SVM are more robust with regard to
overfitting than others such as decision trees, careful design
of the experiments is necessary.

Cross-validation, sometimes called rotation estimation or
out-of-sample testing, is one of various similar model-
validation techniques for assessing how the results of a statis-
tical analysis will generalize to an independent data set, being
able also to flag problems such as overfitting or selection bias.
It is a method used to estimate extra-sample error. The data are
split into k equal-sized parts, and k−1 parts are used for train-
ing the model. The last part is used for calculation of the
prediction error of the trained model. This process is repeated
after rotating the training and validation folds so that all parts
are used one time for validation. The overall error is calculated
by combining the k estimates of prediction error.

In nested cross-validation, an inner loop nested within the
cross-validation loop is used to select the best predicting mod-
el on k-fold cross-validation on the training fold. After model
selection, the test fold is then used to evaluate the model per-
formance. Thus, nested cross-validation trains and evaluates a
model using cross-validation [158]. To estimate the model’s
predictive performance, several authors in the literature per-
form multiple rounds of cross-validation using different parti-
tions: this procedure, although it increases variability, reduces
bias by averaging over the results. Leave-one-out cross-
validation is a particular case where one sample is assigned
to the testing set, and the others compose either the training or
the validation set. It provides a nearly unbiased estimate using
only the original data. Furthermore, LOOCV can be used in
conjunction with a .632+ bootstrap validation, that, on the
contrary, provides a measure with low variance [32, 35].
When the size of the training set is large, researchers can refer
to non-exhaustive cross-validation methods, such as the hold-
out approach, which do not compute all ways of splitting the
original dataset.

Class imbalance learning, a.k.a. class skew, is another issue
that can be observed in radiomic approaches. It refers to the
problem that the training set has a disproportion among dif-
ferent classes, and it can occur in both binary and multi-class
datasets. In binary datasets, which are the majority of cases in
hybrid radiomics, it is usually assumed that the positive and
negative samples belong to the minority and majority classes
respectively. In multi-class datasets, each class contains a cer-
tain proportion of the samples. Since traditional learning algo-
rithms are designed to minimize errors over the majority sam-
ples, ignoring or paying less attention to instances of the mi-
nority classes, this usually results in poor predictive accuracy
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over the minority ones. For this reason, in the literature there
exist many techniques to combat this issue, including internal
approaches which tailor an algorithm to imbalanced data,
data-selection approaches (also referred to as resampling ap-
proaches), cost-sensitive learning, and ensemble learning
[172, 212, 213]. Briefly, internal approaches reinforce the
learning towards the minority class by changing the optimiza-
tion function underlying the algorithms. Therefore, they can
be defined as algorithmic approaches and from this change a
modification in the decision boundary follows. Data-selection
approaches resample the original training set until all the clas-
ses are approximately equally represented, and they include
oversampling, undersampling, and hybrid sampling.
Oversampling methods create new minority class samples ac-
cording to a given algorithm. One of the most commonly used
is the synthetic minority over-sampling technique (SMOTE),
which creates “synthetic”‘data by operating in the feature
space [214]. Undersampling approaches discard samples in
the majority class, whilst hybrid methods are a combination
of the previous two methods. Cost-sensitive learning, also
named as instances weighting method, assigns different
weights for the training instances belonging to different clas-
ses so that the misclassification of the minority class can be
highlighted. Ensemble learning provides a framework to in-
corporate resampling strategy, weighting strategy, or decision
threshold adjustment strategy. They combine several base
classifiers that outperform every independent one.

Rather than pre-calculating features and training a shallow
machine, in deep learning the system learns the features that
optimally represent the data for the problem at hand [215] by
non-linearly transforming the representation in each level of
the network. For example, the first level may represent edges
in an image oriented in a particular direction, while the second
may detect patterns in the observed edges, and the third could
recognize different objects by analyzing pattern groups [216].
Although deep learning, in principle, removes the need for
segmentation, one of the major sources of variability of
radiomic features, most of the deep-learning studies (e.g.,
[217]) use segmentation or labelling of the region of interest
for better efficiency and accuracy. The application of deep
learning in hybrid imaging is still at its beginning, and it has
used for automated detection of pulmonary nodules in PET/
CT [218].

Some software tools are free or commercially available for
radiomic analyses and can be used to accelerate competences
on radiomic analysis processes, to perform more reproducible
and comparable radiomic studies, and to obtain stable fea-
tures. Although, currently, only commercial tools have includ-
ed AI methods to build decision models based on radiomic
signatures (in this overview we have reported on some of
them, with their main characteristics), given the current state
of radiomics, we cannot state that radiomics already “works”
in clinical routine, since further studies on standardization and

harmonization of radiomics methodology are still under
consideration.

Datasets including large number of medical images of pa-
tients related to clinical and -omics data can today be shared
for radiomic studies from multiple centers. There are several
imaging biobanks organized in databases, designed for re-
search and clinical purposes (in this overview we have cited
some of themwith). Notwithstanding, in most cases the access
to images is restricted, such datasets are very useful to test the
robustness and generalizability of radiomic studies performed
on a single center dataset.

Finally, it is extremely important to follow the international
initiatives carried out by the reference communities to stay up
to date on the most recent and continuous developments in
radiomics, in particular on how data collection and radiomic
analysis procedures are harmonized and standardized. The
radiomics research field is extremely recent and is developing
so fast that it is difficult to be updated through the published
literature. These coordinated and shared initiatives by the sci-
entific and clinical communities involved in the medical im-
aging sector are the only ones that can effectively synthesize
scientific evidence and favor an accurate radiomic translation
process for the development of predictive models in a person-
alized medicine perspective.
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