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State-of-the-art patient management frequently mandates the investigation of both anatomy and physiology of
the patients. Hybrid imaging modalities such as the PET/MRI, PET/CT and SPECT/CT have the ability to provide
both structural and functional information of the investigated tissues in a single examination. With the intro-
duction of such advanced hardware fusion, new problems arise such as the exceedingly large amount of multi-
modality data that requires novel approaches of how to extract a maximum of clinical information from large sets
of multi-dimensional imaging data. Artificial intelligence (AI) has emerged as one of the leading technologies
that has shown promise in facilitating highly integrative analysis of multi-parametric data. Specifically, the
usefulness of Al algorithms in the medical imaging field has been heavily investigated in the realms of (1) image
acquisition and reconstruction, (2) post-processing and (3) data mining and modelling. Here, we aim to provide
an overview of the challenges encountered in hybrid imaging and discuss how Al algorithms can facilitate po-
tential solutions. In addition, we highlight the pitfalls and challenges in using advanced AI algorithms in the
context of hybrid imaging and provide suggestions for building robust Al solutions that enable reproducible and

transparent research.

1. The advent of hybrid imaging

Cutting-edge patient management makes use of non-invasive imag-
ing methods to evaluate the morphology and physiology attributes of
patients or study subjects. The employed imaging techniques can be
singular, providing structural or functional information, or they can be
integrative, thus, producing fully-integrated 'morpho-physiological’
information. Hybrid imaging modalities represent hardware combina-
tions of complementary stand-alone imaging systems, such as PET/CT,
PET/MR and SPECT/CT, which have demonstrated improved diagnostic
accuracy and better patient comfort compared to single-modality im-
aging [1].

The added value of these systems originates from the integration of
diverse information streams that can be combined in novel and powerful
ways. Such a combination results in potentiation of information content
beyond an additive effect, as limitations of one modality can be offset by
the strengths of a complementary data stream. As such, hybrid-imaging
modalities like PET/CT and SPECT/CT have become indispensable tools
in state-of-the-art patient management [2]. Although PET/MR has been

relatively slow in clinical proliferation, this methodology has never-
theless found a mainstay in both the research [3] and selected clinical
communities.

Without doubt, hybrid systems offer a lot of advantages when
compared to their stand-alone counterparts, yet these systems also bring
forth their own set of challenges which need to be addressed in order to
fully harness their potential in the context of precision medicine. Most
prominently among these challenges is the sheer amount of data that is
collected by hybrid imaging modalities, demanding inventive novel
approaches of how to extract a maximum of clinical information from
large sets of multi-dimensional imaging data. This is where the appli-
cation of artificial intelligence (AI) methods is believed to provide a
distinct advantage in the context of medical diagnostics. Al algorithms
excel in the processing of multi-dimensional representations of com-
plementing data streams. In particular, deep learning (DL) algorithms
are able to process multi-parametric information through different
channels, thus allowing the merging of this information so that funda-
mental features expressed in the data can be identified. This function-
ality allows vast improvements in the performance of image processing
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tasks such as classification, prediction and synthetic data generation.
Therefore, there is a strong potential for Al to increase the impact of
hybrid imaging on the clinical landscape. In fact, this methodology is
likely to be central to fulfilling the promise of personalized medicine, by
aiding the extraction of relevant clinical information from the ever-
growing amount of multi-modality data streams.

In the following sections of this review, we discuss the complex
relationship between Al methodology and hybrid imaging by providing
an overview of current applications and drawing attention to the various
issues at hand. Our goal is to provide a birds-eye view of Al algorithms,
including ML and DL, that are being used in the domain of hybrid im-
aging. Here, the term AI will be used interchangeably for ML and DL
techniques throughout this manuscript. We also comment on the
strengths and limitations of AI when migrating this methodology into
clinical routine and suggest potential solutions that could maximize AI's
impact on patient care. Furthermore, we caution that there needs to be a
healthy amount of critical thinking and cautiousness while developing
and adopting Al-based strategies for medical imaging processing and
analysis tasks, including stringent studies of robustness and limitations
of this exciting technology. Finally, we present some of the possible
roadblocks for adopting existing Al solutions into the clinical reals and
suggest possible ways to overcome these bottlenecks.

We divide our discussion into seven chapters. In chapter 2 we set the
groundwork by clarifying the benefits and limitations of Al methodol-
ogy, identifying challenges that need to be considered when applying Al
to tasks that constitute parts of the hybrid imaging workflow (Fig. 1).
These applications include three distinct areas of research: (i) data
acquisition and reconstruction, (ii) image processing and (iii) data
mining, which are discussed in the subsequent chapters 3-5. A critical
appraisal of the current state of Al in hybrid imaging is then provided in
chapter 6, which comments on the currently unsatisfactorily addressed
issues of generalizability and interpretability of DL-based results. The
final chapter 7 examines how improvements in code sharing could
benefit the hybrid imaging community and concludes with a roadmap
for fostering Al in hybrid imaging.

2. The promise of artificial intelligence

In recent years, Artificial intelligence (AI) algorithms have become
widely available and have to significantly contribute to the field of
medical imaging, in particular to Radiology [4]. Al is a generic frame-
work, with the objective of building intelligent systems that can
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creatively solve a given problem - similar to that of a human brain.
Machine learning (ML) is a subset of Al, where the developed system
autonomously learns to solve a problem by “learning” from an annotated
training data set provided by external (human) input. The training data
set provides examples of correct decisions which guide the subsequent
inferences and decisions that the Al system carries out when operating
on new data. ML often requires the definition of “hand-engineered”
features (i.e. features that are defined by a human observer a priori) for
optimization and model creation. The process of procuring hand-
engineered features from medical imaging data has initially been
encompassed under the newly termed umbrella concept of “radiomics”.
Radiomics, together with ML, has furthered the field of image-based
prognostics and image-driven clinical decision support systems [5].

In contrast to radiomics, “Deep Learning” (DL) is a subset of ML that
bypasses the requirement of manual feature engineering by extracting
the pivotal features from the input data autonomously (i.e. without the
need of human intervention). DL algorithms, such as convolutional
neural networks (CNN), are designed to emulate the information pro-
cessing models of the human brain and due to their robust nature, have
already been applied to a wide variety of problems in medical imaging.
The popularity of Al algorithms in medical imaging is evident in the
number of related publications that has greatly risen in recent years
(Fig. 2). Some use-cases of medical Al include segmentation, denoising,
artefact removal, image reconstruction, pathology detection and image
classification. It should be noted that current medical-AI approaches
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Fig. 2. Graph depicting the steep rise in number of Pubmed publications over
the years, through the keywords machine learning, deep learning and artificial
intelligence in combination with medical imaging (metrics till August 2020).
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Fig. 1. Depiction of a typical imaging workflow; the areas where artificial intelligence algorithms are used are highlighted in colored boxes. On top of each colored
box, we highlight the technology (DL, ML or Radiomics) that is used predominantly for tackling them.
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belong to the domain of narrow-Al, where the implemented algorithms
are trained to perform a well-defined (problem-specific) task with
reasonable accuracy.

In order to appreciate both the effectiveness as well as the limits of
DL-based algorithms in image processing, it is useful to review the basic
algorithms underlying AI as implemented in medical imaging. These
algorithms are almost exclusively based on neural network (NN) archi-
tecture, inspired by the biological nervous system, such as that of a
human brain. These NN represent an information processing system
which contains a large number of highly interconnected nodes, working
together in a distributed manner to “learn” from the input information to
coordinate internal processing and to optimize its final output. On its
most basic level, a NN architecture has the capability of optimizing the
relationship between an input and output (defined by a training data set)
via distributed computing that is hierarchically structured. The indi-
vidual layers of this hierarchy are believed to encode specific “features”
of the input data which increase in complexity with the number of
layers. Conceptually, inclusion of more layers in the NN (making the NN
deeper, thus, the name “deep learning™) allows more complex features to
be extracted from the input. The extracted features are then used to
perform a discriminatory function (i.e. classifying the input into pre-
selected categories). Although the NNs are able to process multidi-
mensional into latent space, possibly highlighting the unique signature
of the higher dimensional dataset - it is important to note that features
are implicit. Therefore, it is challenging to understand how a particular
decision was reached by the DL algorithm. In section 6, we highlight
why explainable Al is of utmost importance in healthcare.

Deep learning encompasses a special class of generative algorithms
known as Generative adversarial networks (GANs) [6]. GANs have the
ability to create synthetic data from a random input noise vector. GANs
are trained in an adversarial setting of two opposing DL networks (a
generator and a discriminator sub-network), which interact to minimize
the difference between simulated and measured data distributions. Once
trained using a training data set, GANs are able to guess the correct local
distribution of measured data based on a statistically insufficient sam-
ple. Put differently, the algorithm extracts the most likely relationships
between sparse data sets (where the underlying distribution is still
ambiguous) and the true local distributions from the training data pairs
and applies the extracted relationships to new data sets. This process is
analogous to a human observer who can easily fit a Gaussian distribution
to a data set even when very few data points have been measured (<20)
based on prior knowledge that the process under study follows a
Gaussian distribution. In practice, the application of the extracted
relationship to sparse data comes down to filling in hypothesized
missing data (referred to as in-painting) and removing outliers (de-
noising) in order to reproduce the expected final local distribution.

In light of the above, one can expect this methodology to perform
well if the input data contains sufficient information, allowing unique
identification of the true underlying distribution. Moreover, it is obvious
that the performance of a GAN is completely defined by the entirety of
the training data set and as a result only features that are predominantly
represented in the training data can be recognized. This is an important
point, as the prevalence of features represented in both the training and
data sets will define their usefulness when applied to an unknown data
set. Thus, generic features (such as organ contours or orientation) that
are similar across subjects/patients are likely to be correctly reproduced
in the simulated distribution, whereas patient-specific features (abnor-
malities) will not. As a consequence, the more specific a feature is to a
single case, the less suited the GAN approach will be. This fundamental
characteristic of GANs needs to be kept in mind when attempting to use
this methodology in the context of abnormal patient data.

Deep learning is an exciting subset of the AI domain, providing both
discriminative and generative capabilities. Nevertheless, the choice of
the DL algorithm should be driven by the nature of the task at hand. Like
with every other technique, the boundary conditions of the algorithm
must be clearly investigated, before adopting a DL based solution. We
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also highlight in section 6, that in certain scenarios, legacy solutions are
much more stable than the DL based methodologies.

3. Role of Al in data acquisition

In general, the data acquisition paradigm consists of two parts: (a)
measurement of the raw signal, and (b) reconstructing the measure-
ments into a visual, tangible image. Extensive research has been carried
out in both these sub-parts. For example, improving the detection and
accuracy of the raw signal can result in augmented sensitivity and bias
reduction in quantitative imaging (e.g., PET, SPECT) [7]. In contrast, Al-
driven image reconstruction focuses on obtaining high-quality diag-
nostic images from as few measurements as possible. The goal is to
decrease the acquisition time, the amount of ionizing radiation from CT,
PET, or SPECT for a given diagnostic image quality, and to reduce mo-
tion artifacts. Reduced acquisition time significantly increases patient
comfort, minimizes motion artefacts and lowers overall healthcare costs.
As such, appropriate Al techniques are likely to improve the quantitative
and qualitative nature of the final diagnostic images. In this section, we
focus on how AI approaches that have been adopted in improving the
data-acquisition paradigm of the individual imaging modalities can be
used for improving hybrid-imaging workflows (Fig. 3).

3.1. Al-driven image reconstruction

At the photon detection level, novel applications include the use of
convolutional neural networks (CNNs) to improve PET image resolution
and enhance the noise characteristics of PET systems with large pixe-
lated crystals [8]. Other applications include estimation of time-of-flight
directly from pairs of coincident digitized detector waveforms [9]. Be-
sides, there have been attempts at integrating a deep neural network into
the iterative image reconstruction process itself to improve the quality of
final reconstructed images [10,11]. A more elaborate review on appli-
cations of Al algorithms in PET and SPECT reconstructions is presented
by Gong et al [7].

3.1.1. AI and low-dose hybrid imaging

PET/CT and SPECT/CT provide means to present the functional
processes of the human body with the aid of radiotracers in an
anatomical context. However, this comes at the cost of additional ra-
diation burden on the patients. In PET and SPECT, reduction of injected
radiotracer or shortening of scan-time comes with the cost of increased
noise in the final reconstructed image, thus, diminishing their diagnostic
quality significantly [12]. Likewise, for CT, reduction in dose can be
achieved by reducing the X-ray flux or by using sparse-angles [13];
however, these approaches introduce noise and streak artefacts [14].

Deep-learning approaches have shown early success in the com-
mercial realms with regards to denoising [15] and super-resolution
[16,17]. As a logical extension, the deep learning approaches have
been evaluated in the field of medical imaging with early promising
results. Typically, the training process involves the establishment of a
high-quality (non-corrupted) and a low-quality (corrupted) image pair.
The low-quality image is fed as the input, while the high-quality coun-
terpart serves as the label. The deep-learning algorithm ’learns’ auton-
omously the mapping function that converts the low-quality noise
corrupted image to high-quality noise-free image, thus effectively per-
forming denoising. Since it is not practical to perform dual low-dose/
high-dose scans on subjects, the low-dose images are often derived
from the high-dose data to carry out the training. In the case of PET and
SPECT, generation of low-dose data involves randomly removing the
counts from the standard-dose data [12,18]. For CT, it consists of the
introduction of Poisson noise into the sinograms obtained from
standard-dose CT [19]. However, more sophisticated approaches have
been proposed to simulate an accurate low-dose CT from standard dose
CT [20].

Numerous studies have been carried out in PET, for producing
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Fig. 3. Conceptual research areas in image-reconstruction where Al algorithms have been used.

diagnostic-quality images from the low-dose PET data [10,21-37].
These approaches can be broadly categorized into PET-only methods
[26,27,30-32,36-38] and hybrid-imaging methods, where anatomical
information from CT or MR are also used [27,28,33,35]. In the PET only
approaches, the pseudo-standard-dose images are predicted from low-
dose PET images. However, in hybrid-approaches, the pseudo-
standard-dose images are derived from both low-dose PET and supple-
mental anatomical priors (CT or MR). The anatomical priors can be a
single image (CT [33] or T1-MR [28]), or it can be a multi-channel
anatomical prior with various MR sequences (T1, T2 and T2 FLAIR)
[27]. Studies have shown that including the anatomical information in
the deep-learning construct improves the structural details and reduces
blurring in the final network output [27,33,39]. Due to its innate ability
to autonomously calculate features, the deep-learning algorithms can
perform denoising in sinogram space [25], or image space [31]. It
should be noted that a significant chunk of the low-dose PET imaging is
targeted towards neurological applications with estimated dose re-
ductions by a factor of up to 200 [28]. Most of these algorithms pre-
dominantly perform denoising and inpainting. The generated pseudo-
standard-dose PET images from DL methods can be considered as an
output of a smart image-restoration framework. Although the pseudo-
derived images mimic the shape and pattern of the reference standard,
the quantitative accuracy of the pseudo-PET images is still a matter of
debate.

In low-dose CT imaging, the goal is to remove the streaks and noise
from the low-dose CT images. Here, for training purposes, the low-dose
CT images calculated from the regular-dose CT images serve as the
input, while the regular-dose CT images serve as labels. Most of the
convolutional neural network (CNN) training takes place in the image
space [19,40-42], or the sinogram space [43], where the low-dose CT is
given as input, and the model learns a mapping to predict the corre-
sponding regular-dose CT. However, there are studies where the deep
learning construct is implemented in the wavelet domain as well [44].

In comparison to PET and CT low-dose imaging, SPECT Al-driven

low-dose imaging studies have been sparse [45-48]. Dietze et al. used
a CNN to convert the streaky filtered back-projection SPECT images to
high-quality SPECT images, with an image quality comparable to that of
the Monte-Carlo based reconstructions [48]. Myocardial perfusion im-
aging (MPI) using SPECT plays a crucial role in identifying cardiovas-
cular pathologies. To reduce patient motion and improve patient
comfort, there is a pressing need to reduce the scan time. As discussed
earlier, reducing acquisition time, augments noise, therefore tarnishing
the diagnostic quality. SPECT-MPI studies have reported that with the
help of 3D convolutional auto-encoders, it is possible to produce high-
quality SPECT images from 1/4th, 1/8th and 1/16th of original dose
levels [45].

In our recent inhouse pilot study, we evaluated the quantitative ac-
curacy of the pseudo-standard-dose PET images derived using condi-
tional GANs with the corresponding reference standard [49]. We could
show that the pseudo-standard-dose PET images resembled those of the
reference standard (similar histogram shape). But the histogram of the
Pseudo-PET was often scaled or shifted to the right, indicating that
values in pseudo-PET are often higher than the reference standard.
Therefore, we believe that DL-based pseudo-images, particularly for PET
and SPECT, should not be used for quantitative analysis.

Deep-learning driven advancements in low-dose imaging using in-
dividual modalities could be combined to reduce the overall dose in
hybrid imaging. For example, using deep-learning constructs to convert
ultra-low-dose CT to regular CT, which in turn could serve as an
anatomical prior for low-dose PET denoising as discussed before.
Nevertheless, strict control of image quality and accuracy needs to be
ensured.

3.1.2. Enabling high-throughput imaging through AI

Reduction of scan time is one of the active areas of research in many
medical imaging modalities. Shortened scan time results in increased
patient comfort and compliance and reduced motion artefacts. However,
the reduction in scan-time typically results in increased noise in PET and
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SPECT imaging, thus deteriorating the diagnostic quality of the images.
In the previous section, we have discussed how Al could facilitate the
recovery of high-quality information from low-quality information. MR
imaging, while providing excellent soft-tissue contrast along with
structural and functional imaging capabilities, is hampered by lengthy
examination times, which may increase patient discomfort and intro-
duce motion artefacts. Considerable efforts have been made to reduce
the MR acquisition time and maintain the diagnostic quality of the
reconstructed MR image. Traditional approaches, such as compressed
sensing [50] and dictionary learning [51] have achieved reasonable
results in generating high quality MR images from undersampled k-
space data (sampling rate < Nyquist rate). However, due to their iter-
ative nature they suffer from computational complexity and hyper-
parameter optimisation [52]. Recently, deep learning approaches have
been employed either to augment the traditional compressed sensing
approaches [53,54] or to replace them altogether. Recurrent neural
networks [55] and convolutional neural networks [56] have found
success in significantly accelerating dynamic MR image reconstruction.
Variational-networks have been used to enable real-time image recon-
struction (200 ms/section) in case of single-shot fast spin-echo MRI with
variable density sampling, which surpasses traditional parallel imaging
and compressed-sensing (PICS) reconstructions [57]. Generative
adversarial networks [6] have also been investigated in creating an
augmented compressed sensing framework that produces on-the-fly
diagnostic quality reconstructions from sparsely sampled k-space
[58,59]. All these approaches aim at delivering high-quality diagnostic
MR images without artefacts from undersampled k-space.

High-throughput PET/MR imaging can be enabled by adopting the
advances mentioned above. Most of the architectures that allow high-
speed MR imaging can be utilized for PET imaging as well. For
example, the network of GANs has shown success in accelerating both
PET (low-dose to standard-dose) and MR imaging (high-resolution MR
images from under-sampled k-space) reconstructions. However, these
techniques need to be thoroughly evaluated in multiple scenarios (e.g.,
for quantitative accuracy, multiple tracers, pathologies, multicenter and
multi scanner setting) before translating them into clinics.

3.2. Improving quantification of hybrid images using Al

3.2.1. Al-driven attenuation correction of SPECT and PET

The annihilated photons (PET) undergo attenuation as they traverse
through the patient tissue. As a result, there is a reduction in the number
of detected photons in each line-of-response. Attenuation correction for
annihilation photons is essential for accurate estimation of radiotracer
concentration. In PET/CT and SPECT/CT, the most widely used method
for attenuation correction is the segmentation-bilinear scaling method
[60-62]. Since the CT image represents the tissue-dependent attenua-
tion profile of the investigated object, the PET attenuation map is
determined by separating the bone component from the non-bone part
via thresholding and then assigning tissue-specific scaling factors to
each element.

However, in PET/MR systems, correction for attenuation is a non-
trivial task, as there exists no direct relationship between the MR
signal and attenuation properties of the tissue [63]. The final goal is to
allocate tissue-specific attenuation coefficients to the MR images. Two
approaches are commonly used to generate pseudo-CT images from : (1)
an atlas, here a pseudo-CT is generated by non-rigidly co-registering the
atlas to the patient MR image, and (2) MR-image segmentation, here MR
images are segmented to different tissue classes and corresponding
attenuation coefficients are assigned to each tissue class [64]. Of note,
the atlas-based approach cannot account for patient abnormality and is
very challenging in whole-body imaging, while the segmentation-based
approach suffers from differentiating the bone and air regions as they
have similar intensities in most MR sequences but vastly different
attenuation properties [64-66].

Most of the MR-based attenuation correction methodologies have
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limitations as they are tailored for a particular patient cohort [67]. Deep
learning algorithms with their ability to autonomously calculate fea-
tures from the training datasets have shown promising results in the
field of synthetic data generation. Various studies involving convolu-
tional neural networks (CNN) have been proposed for generating
pseudo-CT images directly from MR images, and they have shown to
surpass state-of-the-art MR-AC approaches in terms of quantitative ac-
curacy in brain [67-72], pelvis [73,74] and whole-body regions [75,76].
The advantage of deep learning algorithms is that a single algorithm can
be wused for training different patient cohorts with minimal
modifications.

Most of the CNN-based approaches involve training the neural
network with a database of MR-CT image pairs. The MR images corre-
spond to the input, while the CT images are the label counterpart. The
generic goal of the neural network is to reduce the voxel-wise disparity
between the generated pseudo-CT and the reference-standard CT im-
ages. U-net is the most common neural network architecture for pseudo-
CT synthesis as they have exhibited excellent performance for synthetic
image generation. In other studies, the process of generating an atten-
uation map via deep learning was reformulated as an MR-tissue seg-
mentation task, where multiple MR sequences, such as DIXON and UTE
were used to derive an attenuation map [71]. GANs have also shown
promise in brain MR-AC [77-79]. In particular, conditional GANs [80]
due to their voxel-to-voxel (MR to CT) conversion capabilities, have
been able to produce accurate pseudo-CT images [77,78]. A major
roadblock for translating the conditional GANs based pseudo-CT
approach to whole-body is the requirement for exact spatial corre-
spondence between the MR and CT image pairs [76]. Since accurate co-
registration is challenging in whole-body scenarios, conditional GANs
may not be suitable for generating accurate whole-body attenuation
maps. Nevertheless, alternative variants, such as cycleGANs [81], which
do not require spatial correspondence have the potential for supporting
the derivation of more accurate whole-body MR-AC maps.

3.2.2. Al driven scatter correction

The annihilated photons can undergo scatter in the patient tissues or
in the detector itself, thereby experiencing a change in their original
trajectory. Subsequently, the line-of-response of a scattered event will
no longer be in alignment with the emission point. Monte-Carlo scatter
simulation is considered to be the gold standard for scatter correction.
Nevertheless, Monte-Carlo based scatter correction is not performed in
routine clinical systems for it being very time-consuming. The most
commonly used approach for scatter correction in PET hybrid systems
(PET/CT and PET/MR) is the single scatter Simulation (SSS) method due
to its accelerated computational time [82,83]. Here, only a single scatter
event is considered and multiple or out of the FoV scatter contributions
are merely included as scaling factors.

Deep learning algorithms have recently been investigated for scatter-
estimation directly from the emission and attenuation correction factors.
Berker et al. used a U-net architecture with emission sinogram, attenu-
ation factors and the logarithm of attenuation correction factors as in-
puts, with scatter estimation from SSS as the label [84,85]. The trained
network was able to produce acceptable scatter estimation (<5%) in
comparison to the SSS methodology. The advantage of this approach
was the significantly fast computation time in comparison to the SSS
method. One could potentially replace the SSS label with Monte-Carlo
based scatter estimation to produce scatter estimates closer to the
reference standard. The number of studies [84,85] using deep learning
in scatter-correction is sparse, and further evaluation is necessary to
understand the actual contribution of artificial intelligence.

Similarly, for estimating scatter in SPECT/CT, Monte Carlo estima-
tions are the reference standard. Xiang et al. investigated a deep
learning-based SPECT scatter estimation technique in comparison to the
Monte-Carlo scatter modelling [86]. They trained a deep convolutional
neural network to estimate scatter-projection from emission and atten-
uation data. The input was the emission and attenuation data, while the
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label was the scatter distribution estimated from Monte-Carlo simula-
tions. The CNN-based scatter estimation showed promise for real-time
clinical use because of the shorter processing time, while maintaining
high accuracy compared to that of the time-consuming Monte-Carlo
scatter estimation.

4. Role of Al in hybrid image-processing

Artificial intelligence algorithms, due to their robustness, have
become the de-facto standard for a wide variety of computer vision
tasks. In medical imaging, Al algorithms have been successfully used in a
variety of research areas ranging from image-segmentation, image-
registration, super-resolution, image-translation and artefact removal.
But there is an additional potential for Al-driven solutions to expanded
computer vision and data extraction from hybrid images.

4.1. Al facilitated segmentation of hybrid images

Hybrid imaging modalities offer dense data comprising both
anatomical and physiological information. With the aid of a simple
automated segmentation, a joint hybrid-data exploration can be per-
formed, where the diagnostic value from the sum of the modalities can
be more meaningful than its parts. The spatial resolution of the func-
tional component (PET or SPECT) of the hybrid imaging modalities is
limited due to the fundamental physics of the imaging system; this re-
sults in augmented partial volume effects. Nevertheless, these modalities
possess increased sensitivity and can provide absolute measures of the
function of the investigated tissue. Delineating regions and quantifying
values solely on the functional images is a challenge. MR and CT im-
aging, with their high spatial resolution, can provide excellent
anatomical information with decreased partial volume effects, thus
rendering them suitable for delineation tasks. Although seemingly
simple, automated medical image-segmentation is one of the most active
areas of research, as manual segmentation is time-consuming, labour-
intensive and subject to operator-variability. The applications of medi-
cal image-segmentation can range from a simple organ-of-interest
quantification to sophisticated applications, such as regional partial-
volume correction, non-invasive input function calculation and char-
acterization of inter-organ communication in the context of system
medicine.

Multi-modality segmentation is a growing research area, where the
segmentation is guided by using both the functional (PET or SPECT) and
structural information (CT or MR). The main goal is to use the com-
plementary information to improve the segmentation performance. The
main challenge is to account for the potential mismatch (either genuine
or due to motion) between the functional and structural information.
Specifically, differences between normal and functionally pathological
tissue is an unsolved problem, as such differences are not represented in
structural images (MRI and CT), but are clearly present in the functional
modalities (PET or SPECT). At present it is unclear how this issue of
functional (but not structural) defects that are not present in the training
data can be addressed. Nevertheless, simultaneous PET/CT and PET/MR
information have been used for improving the segmentation of lung
tumors, non-small-cell lung carcinoma [87] and soft-tissue sarcoma
[88]. For example, MR imaging has been used for automated labelling of
different brain regions [89], tumours [90-95] and ischemic lesions
[96-101]. Since hybrid PET/MRI offers simultaneous acquisition of
physiological data, the derived segmentation from MR images could be
ideally used to quantify the parametric values in the PET images. For
example, BraTs (Multi-modal brain tumour segmentation) challenge has
focused on evaluating the state-of-the-art methods for segmentation of
glioblastoma brain tumours from MRI scans (native T1, T1 Gadolinium-
enhanced, T2 and T2 FLAIR) [102,103]. Each tumour is further parti-
tioned into the enhancing tumour, peritumoral oedema, necrotic and
non-enhancing tumour core. These labels could be used to investigate
the corresponding tracer uptake (FET, MET or DOPA) in the PET images.
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The calculated values could then be used for advanced multi-modality
radiomics paradigms for characterising the glioblastoma tumours.

Similarly, numerous Al approaches have focused on vessel segmen-
tation from MR and CT images [104-107]. High-quality vessel seg-
mentation has several interesting applications in the context of hybrid
imaging. Arterial vessel segmentation from the MR angiography images
has been used for accurate estimation of the vessel tracer activity con-
centration in the PET images for extracting the image-derived input
function [108-112]. Another exciting application of arterial segmenta-
tion in PET hybrid systems is in the field of cardiovascular imaging.
Accumulation of FDG in the arterial wall is thought to reflect increased
inflammation in atherosclerotic plaques. By using the aorta segmenta-
tion from the anatomical images (CT or MR), one can quantify the aortic
wall FDG uptake leading to the identification of diseased segments
[113]. Similarly, segmentation of carotid plaques from the MR or CT
images could be used to perform partial volume correction in their
respective PET counterpart [114,115]. By doing so, the quantitative
accuracy of radiotracer accumulation estimate in atherosclerotic pla-
ques could be significantly improved. The same procedure could be
extended to any region-of-interest, high-resolution segmentations can be
derived from the structural component of the hybrid modality and can
be used to perform regional partial volume correction in the functional
counterpart [116].

Recently efforts have been focused towards 3D semantic medical
image segmentation, which is the process of autonomously partitioning
a given medical image into different tissue classes. MR imaging, with its
excellent soft-tissue contrast in the brain region, has served as a play-
ground for autonomously parcellating the brain into multiple sub-
regions. Similarly, CT imaging, due to its wide prevalence and
acquisition speed, has been the modality of interest for segmenting or-
gans beyond the skull [117-123]. These advancements in 3D semantic
segmentation are pivotal in bringing forth new concepts, such as whole-
body network imaging. With the introduction of extended field-of-view
PET/CT systems, such as the uEXPLORER [124-126], one could finally
investigate inter-organ communication over time. In particular, the
uEXPLORER consortium has developed a framework to enable ultrahigh
(100 ms) temporal resolution dynamic PET imaging by utilising
advanced dynamic image reconstruction paradigms [127]. With the aid
of a genuinely 3D-semantic segmentation algorithm that segments both
the cranial and the organs beyond the skull from a CT volume, one could
theoretically use the organ segmentations to quantify the PET uptake
over time. Such a joint data analysis with sub-second PET re-
constructions, in turn, could be used for kinetic modelling [125] or
network analysis which could be pivotal in understanding inter-organ
communication in the context of system medicine (Fig. 4).

4.2. Al-based metal artifact removal

Combination of imaging modalities opened the gateways for inte-
grated imaging; however, such an advancement brought forth its own
set of artefacts. Artefacts in one imaging modality can propagate to the
other during the data correction processes. For example, artefacts
arising due to the presence of metal implants (dental implants, hip im-
plants, chemotherapy ports, pacemakers, etc.) can significantly decrease
the quality of the CT images. Dental implants are often made of gold or
silver, causing beam-hardening effects on CT images [128]. Since CT
images are used for attenuation correction in PET/CT and SPECT/CT,
these artefacts are propagated to the PET or SPECT counterparts through
overestimations of the attenuation coefficients caused by incorrect
transformation of CT attenuation values into linear attenuation co-
efficients during the bilinear segmentation scaling approach [129,130].

Various metal artefact reduction (MAR) approaches have been pro-
posed, and traditionally they are fragile solutions [131-140] as a single
MAR approach could not be used to produce satisfactory results in cases
comprising various metals, proportions and locations [141]. As dis-
cussed in the previous sections, artificial intelligence methodologies
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Fig. 4. A 3D semantic segmentation of the total-body from the CT images along with high-speed reconstructions (100 ms) could facilitate the assessment of inter-

organ communication, thus, opening up an era of total-body network imaging.

have achieved success in low-dose reconstructions and noise reductions.
Similarly, various Al approaches have been proposed for metal artefact
reduction [42,141-146]. The purpose of the Al-driven strategies is to
generate clean’ images from images with metal artefacts. Most of these
Al methods usually consist of an encoder-decoder setup, where the
training-pairs typically comprise of metal-artefact free data and metal-
artefact simulated data (images or projection data). With the aid of
such MAR approaches, a clean attenuation map can be generated from
the metal-artefact imposed CT data, which in turn results in improved
quantification of PET or SPECT/CT data.

Metal implants have a non-negligible effect in MR imaging as well.
Most of the metal implants, in general, are MRI safe; nevertheless, they
actively interfere with the MRI signal acquisition and thus affect the
final MR image quality [147]. The accuracy of MR-based attenuation
correction in PET/MRI depends mostly on the ability of the MR sequence
to differentiate the tissue types. Metal implants introduce signal voids,
which extend beyond the actual geometry of the implants itself [147].
These signal voids, in turn, result in inaccurate attenuation correction
maps, which finally affects the quantitative accuracy of the PET datasets
[147]. Several methods have been proposed, but usually, these ap-
proaches are tailor-made for a specific cohort. Deep-learning method-
ologies have shown to excel in noise reduction and MAR in CT; however,
Al studies for MAR have been sparse when it comes to MR [67,148].
Ladefoged et al. [67] presented a deep-learning-based MR-AC method
for pediatric patients with metal clip implanted into the skull; the per-
formance of their MR-AC technique was on par with CT-AC. Similar to
Al-based MAR in CT, there is potential for Al to alleviate metal artefacts
in MR. However, further studies are needed to verify if Al-based
methods can aid in MAR in MR imaging.

4.3. Miscellaneous Al-driven image-processing applications

Deep-learning algorithms, such as GANs and their variants have
found a mainstay in the medical image analysis due to their contribution
in low-dose/sparse reconstructions, artefact removal and attenuation
correction (MR to CT). Apart from the traditional applications as dis-
cussed earlier, cGANSs can be used for facilitating data-analysis in PET/
CT, SPECT/CT and PET/MR. PET brain motion correction in a PET/MR

is feasible with the aid of simultaneously acquired MR navigators [149].
However, PET/CT and SPECT/CT do not have natural ways of tracking
motion. Traditional mutual information-based motion correction ap-
proaches fail due to the dynamically changing activity concentration. In
our recent inhouse pilot studies, cGANs was used to facilitate dynamic
FDG PET brain motion correction. The idea was to use cGANs to
generate PET navigators from original dynamic PET images, whose ac-
tivity distribution is spatiotemporally invariant (Fig. 5). The derived
PET navigators performed on par with MR-navigators when it comes to
capturing patient motion. The advantage of such data-driven PET nav-
igators is that they can be used to perform motion correction in PET/CT
as well as PET/MR.

Another exciting application of image-transformation is intra-
modality conversion. MR images have been converted to CT for atten-
uation correction in PET/MR. Similarly, there have been studies which
generate MR images from CT as well [79,150,151]. CT, due to its sub-
optimal soft-tissue contrast, has been sparingly used in neurological
applications. By converting the acquired CT to MR, the derived pseudo-
MR could serve as a superior anatomical frame for performing accurate
VOI analysis in hybrid PET and SPECT/CT images. It is worth noting that
this approach is only applicable if one is only interested in extracting
generic features (such as a whole brain volume for the purpose of
creating a transmission map) from the simulated images. Necessarily,
the more specific a feature is for a particular data set, the less accurate a
pseudo-image will represent the true distribution.

5. Al driven image-mining

Consistent with its ability to expose hidden relationships among
multi-parametric data sets that are difficult to describe analytically, DL-
based methodology represents a powerful discovery tool, ideally suited
for data mining and hypothesis generation. In particular, applied to
hybrid imaging modalities with their innate ability to offer dense multi-
dimensional data can serve as an image-mining ground for high-
dimensional image-analysis, which can be then combined with con-
ventional radiomics approaches to discover novel dependencies be-
tween structural and functional information.

Although the ultimate objective of Al-driven data mining is to gain a
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Fig. 5. The conditional GAN workflow for generating PET navigators from the original dataset is depicted here. cGANs are used for converting early-frame noisy
images to pseudo late-frame images, therefore generating PET navigators (PANDA: PET navigators using deep learning) with temporally non-varying activity.

better understanding of disease mechanisms based on the discovery of
hidden relationships and trends in data, this capability of Al is currently
in its infancy and requires significant additional development. As such,
there have been very few attempts yet to generate novel hypotheses
inspired by data mining techniques and this methodology is at present
mostly used to predict therapy outcomes [152] and for the detection of
tissue malignancies in oncological cases [153-162]. Currently used data
mining techniques are an extension of established radiomics method-
ology that was used prior to the adoption of Al algorithms in medical
imaging.

A typical radiomics workflow consists of the following steps: (1)
image-acquisition and reconstruction, (2) segmentation, (3) feature
extraction and (4) statistical modelling or ML (Fig. 6) [163]. Most of the
initial radiomics studies were based on radiology and radiotherapy, but
the number of studies utilizing radiomics in PET and SPECT has been
steadily rising. With the advent of hybrid imaging, combined radiomics
analysis has been performed on synergistic data from PET/CT
[157-160,164-170], SPECT/CT [171] and PET/MR [161,172-177] to

advance multi-modal joint analysis. Synergistic use of multi-modal
features has shown to be superior in comparison to single-modality
based prognosis [176]. Most of the PET/CT radiomics studies have
focused on oncology, while PET/MR and SPECT/CT radiomics studies
have focused on neurological applications. Although multi-modal
radiomics appear to perform better in comparison to single-modality
radiomics, multi-modal radiomics studies are relatively scanty
[176,177]. Therefore, the potential of hybrid imaging is not yet fully
explored in terms of multi-modality radiomics.

The proliferation of radiomics techniques to clinics has been limited
due to reproducibility and validation issues [ 178]. The different nodes of
the radiomics workflow (e.g., segmentation, image discretization etc.,)
influence the quality, accuracy, reproducibility, and consistency of the
extracted features, which in turn affects the results obtained in various
studies [178]. Therefore, efforts have been in place for harmonizing the
radiomics analysis and promoting the reproducibility and validation of
radiomics techniques [179,180].

As stated before, DL algorithms have been considered a logical
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Fig. 6. Typical radiomics pipeline (connected by red lines) and a deep-learning based prediction pipeline (grey lines). It can be seen that the deep-learning based
approach can streamline the process of VOI definition, feature extraction and modelling using a single neural network or a series of neural networks. (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

extension to the manual feature-engineered radiomics given their
intrinsic ability to calculate optimized high-level featrues [163]. DL al-
gorithms do not require feature engineering and modelling, since neural
networks can perform all these tasks [163,181]. Nevertheless, a minimal
number of studies have harnessed the potential of DL as an end-to-end
approach for prediction, with most of them being based on CT or MR
imaging with only a limited number of studies addressing Nuclear
Medicine modalities, such as PET [182] and SPECT [171]. It should be
noted that deep-learning algorithms suffer similar reproducibility and
validation issues as radiomics and careful investigation is mandated
while applying DL algorithms to image interpretation tasks.

Similar to other Al techniques, DL algorithms can process multi-
modality information through multiple input channels [183]. There-
fore, there is a high potential for using hybrid imaging data in the realms
of DL-driven radiomics. However, translating DL-driven prediction
methodologies into the clinical arena will be a non-trivial task as these
methodologies tend to require very large data sets and results are often
difficult to interpret. Ideally, DL solution should be able to produce a
report that provides an explanatory reasoning, describing based on what
information a decision was reached so that it can be checked by a human
observer. Unfortunately, explainable Al is still at its infancy, although
significant efforts have been invested by both industrial and academic
sectors to transform this black box to a human-understandable ‘glass

5

box’.
6. Al and hybrid imaging: A critical perspective

Following the ‘Al-winter’ (a period of reduced funding due to several

hype cycles followed by disappointment), artificial intelligence has
made a significant revival with the advancements in computing hard-
ware and more robust neural network architectures. Major industries
have now adopted an Al-first approach, making it likely that Al is not
just a temporary hot-button trend but a technology that is here to stay
and evolve in the foreseeable future. Furthermore, Al algorithms have
demonstrated a substantial impact in the field of medical image analysis
for a wide variety of medical applications, ranging from image acqui-
sition, reconstruction, processing and analysis to the generation of
synthetic data sets. However, despite the undisputable positive contri-
bution of Al-based methods to the medical imaging field, it is important
not to lose sight of the various limitations inherent to this methodology
when applied to diagnostic hybrid imaging. Accordingly, careful eval-
uation and validation of Al algorithms need to be performed prior to
developing and translating any new related paradigm into clinical
routine.

In section 3, we have described the utility of DL algorithms for image
acquisition, reconstruction and denoising. With the ability of DL algo-
rithms to solve the inverse reconstruction problem directly, this tech-
nique has emerged as a new tool in morphological and functional image
reconstruction [184]. Despite some interesting results, it is important to
recall that related improvements in the perceived quality of recon-
structed low-count images are based on the prediction of the regional
tracer concentration distribution, as derived from the training datasets.
As we argued earlier in chapter 2, such a prediction will decrease in
accuracy in the presence of abnormalities that might be expressed in the
real data/patient data (and should thus be present in the to-be recon-
structed images) but not necessarily in the training sets. Again, it is
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important to be aware of the fact that only those features that are
prevalent in both the training set and the patient image will be correctly
reproduced, whereas patient-specific details (abnormalities) will be
suppressed. This bias problem was recently demonstrated by Antun et al.
[185], who showed that minor perturbations in the image or sampling
domain (akin to the presence of true patient abnormalities) can cause a
large number of artefacts in the DL-based reconstructed images. In
contrast, state-of-the-art traditional reconstruction algorithms were
stable against the same small perturbations, therefore achieving supe-
rior results in comparison to the DL-based reconstruction counterparts.
Based on these results, the authors concluded that currently applied DL-
and Al-based image reconstruction algorithms lack stability, thus seri-
ously limiting their applicability in clinical routine. Unfortunately,
solving the instability issues of DL-based algorithms is a non-trivial
problem [185], which poses a serious challenge to the adoption of Al-
based reconstruction methods in the clinic. Although Antun et al.
[185] only investigated the results of DL-based reconstruction in the
context of CT and MR modalities, such problems might be even more
prominent for PET data, given the quantitative nature of this modality (i.
e. the problem of predicting not only an image pattern but also the ab-
solute scale and dynamic/functional underpinning). At a minimum,
quantitative accuracy of the final reconstructed functional images needs
to be carefully validated and qualified prior to implementing these
methods in clinical or research applications. The reproducibility issue of
DL-based results might be also impacted by methodological parameters,
such as the order in which the data is presented to the CNN during
training, resulting in different patient classification [186]. Thus, results
of classifications derived from CNNs need to be confirmed by other
means before they can be deployed clinically.

Another problem besetting DL-based algorithms is the ’curse of
hyperparameters’ [187], a term referring to a set of arbitrarily chosen
constants that exert a highly significant influence over DL-based per-
formance. These constants (such as learning rate, number of epochs,
activation functions, etc.) are heuristically determined and yield optimal
results only under very specific conditions, which might not be met in
some/all clinical applications. Consequently, the performance of a DL-
based reconstruction algorithm is heavily impacted by the specific
characteristics of the underlying tracer distribution to be reconstructed,
a considerable drawback that adds even more instability to an already
computationally brittle approach, although recent studies promote
“ensemble learning” as a potential solution [188]. Nevertheless, for
well-conditioned problems (i.e. under conditions where the underlying
tracer distribution exhibits low variability across subjects), useful results
can still be obtained for organ-segmentation even with a small number
of training sets [39,189]. In addition, data-inflation tricks, such as data-
augmentation have proven beneficial in improving training results of
segmentation-based DL-algorithms [189]. Specifically, few-shot
[190-192] and one-shot learning approaches [193-197] have been
adopted by the industrial sector to minimize the need for a prohibitively
large number of training sets they might have a hard time gathering.
Still, the effectiveness of such strategies in medical image analysis re-
quires further evaluation [198,199], highlighted by the insight that
training data needs to be large and diverse enough to accurately capture
the underlying variability of clinical data [39,179].

Finally, one of the major issues that prevents the rapid translation of
Al-algorithms into the clinical arena is the lack of explanatory power
associated with a particular Al-based decision. Although interpretability
might not be an issue for certain applications (e.g. denoising), it is
difficult to blindly trust an Al-based algorithm without being able to (not
even conceptually) independently verify — or even be able to have an
understanding about what piece of information was causally responsible
for - a particular decision. Such characteristic opens the door to adopting
strategies primarily driven by spurious relationships in the data unre-
lated to the physiological mechanisms actually involved in a disease
process, which is sometimes referred to as a ’Clever Hans’ strategy
[200].
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’Clever Hans’ was a famous horse that was assumed to perform
arithmetic calculations demanded by its trainer. Later on, it was found
out that the horse was basing its consistently correct predictions not on
solving the actual mathematical calculation, but by reacting to the
gestures of its trainer [200]. Similar behaviors have been observed in
state-of-the-art Al systems as well. For example, in the PASCAL VOC
competition, the winning algorithm was not detecting the object of in-
terest, but relied upon unrelated correlations in the data to classify an
image accurately. It identified boats through the presence of water,
trains through the presence of rails, and horses through the presence of
the copyright symbol [201,202]. Many other examples of ‘Clever Hans’
predictors have been described in the literature [201-204]. It remains
challenging to unmask such factitious relationships, even though a few
attempts to accomplish a better interpretability of Al-based results have
already been made [202,205,206].

A promising approach that might significantly enhance the adoption
of DL-based methods in the clinical arena is the integration of con-
nectionist (NN-based) with symbolist (rule-based) AI. Symbolic Al in-
volves the explicit embedding of contextual knowledge and
generalizable rules into the software. The practice of rule-based Al
showed a lot of promise in the early decades of Al research, but was later
superseded by NN approaches that could much better process unstruc-
tured (i.e. messy real-world) data, especially as it relates to image
feature detection and natural language processing. Conceptually, these
two approaches express complementary strong points: NN-based Al
excels in extracting features from image data which, when converted
into symbolic representations, allow compositional relationships in the
image to be identified which can subsequently be formulated by explicit
rules. In exchange, rules that have been previously extracted can be used
to predict features in new images, thus biasing the NN to actively search
for them. The consequence of this feedback process is that it increases
overall efficiency by decreasing the amount of training data required
and stabilizing the solution. More importantly, once image features and
rules are represented in symbolic space, a narrative can be generated
(similar to natural language comprehension) that provides insight how a
particular decision was reached. As a result, decisions by the Al system
can be audited by a human observer (e.g., a clinician), building confi-
dence in as well as acceptability of the developed algorithm.

There are now several efforts to combine neural networks and
symbolic Al, most prominently the Neuro-Symbolic Concept Learner
(NSCL) which is a hybrid Al system developed by the MIT-IBM Watson
Al Lab [207] or the neural-symbolic approach for visual question
answering (NS-VQA) project that fully disentangles vision and language
understanding from reasoning [208]. It is to be hoped that maturation of
this new technology will provide an intuitive measure of confidence
associated with Al-based results and will lead to a broad adoption of Al-
based decision systems in the context of clinical hybrid imaging.

7. Roadmap for fostering Al in hybrid imaging

Commercial Al has grown exponentially in a seemingly short amount
of time. This rise is mainly due to the enormous industrial backup,
hardware advancements (GPU) and the establishment of strong ML
open-source software frameworks (TensorFlow [209], PyTorch [210],
Caffe [211], Theano [212], etc.). Most of the commercial Al publications
host their code-implementations on GitHub (GitHub Inc. Microsoft,
USA) which allows for easy testing and validation. Such an open-source
and transparent approach has aided in advancing the commercial Al
field significantly. Hybrid imaging community is considerably smaller
when compared to the commercial Al world. Despite the disparity in
size, there has been a steady rise in Al-based studies. However, most of
the hybrid imaging Al approaches are not easily replicable due to two
main reasons: (1) limited public repositories and (2) closed nature of
their implemented codebase. Creating a centralized database is non-
trivial as it has several legal, technical and logistical issues. However,
one could open-source their developed codebase associated with their
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respective study. It should be noted that mere curation of codes is
insufficient. A proper documentation explaining the usage, expected
outcomes along with the limitations of the program are extremely
important for replicability. Also, one of the most overlooked factors is
code maintenance. It is clear that robust maintenance of a codebase is
not possible in an academic environment, however a minimum amount
of code maintenance should be guaranteed by the research group.
Although seemingly exhaustive, going this extra-mile would enhance
transparency, improve collaboration, foster trust, promote reproduc-
ibility and accelerate development by preventing the reinvention of the
wheel.

The radiology community is at the forefront of the medical Al rev-
olution. Recently, radiology driven AI studies have started open-
sourcing their developed algorithms to promote transparency and
reproducibility. Medical imaging Al frameworks are also being estab-
lished by industrial and academic institutions to adopt best practices in
Al and to support rapid prototyping of Al algorithms [213,214]. Un-
fortunately, nuclear medicine studies have been comparatively conser-
vative when it comes to open-sourcing its implemented algorithms or
executables. To truly embrace Al in hybrid imaging, conscious efforts
need to be carried out by both the communities (Fig. 7).

First, sharing code implementations for Al-based studies in medical
imaging should be made mandatory by the editors during the peer-
review process. Jupyter notebooks [215] offer an excellent way of
sharing and explaining codes along with text and images; the native Al
and open science community has already adopted such approaches to
increase transparency [216]. Many journals offer statistical review with
the aid of an extra reviewer, whose sole purpose is to verify the statistics
of the reviewed work. Similarly, one could go for a reproducibility re-
view, where an IT expert can run the Jupyter notebook to reproduce the
results. In short, we would further the field significantly, if we could
operate on the principle - ’If you cannot replicate it, then it does not
exist!” [217].

An open-source approach would also minimize the need for
centralized data repositories, as the codes could be shared across the
private data-silos to facilitate onsite deep learning approaches, such as
federated or distributed learning [218]. Multicentric studies should be
strongly encouraged compared to single-centre studies, especially in

Support open-source
code culture
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challenging areas, such as radiomics and deep learning [219], as they
can evaluate the robustness of the algorithm better. Federated learning
is an exciting approach, since the training process is carried out on data
onsite, and only the trained models are exported to a centralised server
for multicentric model optimisation, thus, removing the complexity of
data-sharing in multicentric studies [218]. Federated learning or deep
learning approaches in medical imaging in general mandate a high-
performance computing environment. GPUs can significantly accel-
erate the training process by 10-30 times in comparison to CPU-based
training [220]. Current Al frameworks mainly depend on the CUDA
framework from Nvidia for accelerating the training process. And the
number of GPUs required depends on the volume and dimensionality of
the trained dataset. Medical images are often 3D datasets and can also
extend to 4D in case of a dynamic study. And hybrid imaging modalities
can significantly increase the dimensionality of the training datasets.
Therefore, it is worthwhile to invest in a flexible high-performance
computing environment for facilitating deep-learning endeavours.

Finally, deliberate efforts should be focused on building explainable
AI for identifying ’Clever Hans’ predictors and also to encourage trust
between the clinician and the AI system [202,221]. In the end, the cli-
nicians need to explain to the patient why the Al chose a specific therapy
and why they think it is a trustworthy option. Development of novel
visualisation methods are of utmost importance for making the black
box transparent and to identify how the Al algorithm learns (e.g., heat
maps) [202,221]. Such visualisation strategies might bring forth unex-
pected findings in hybrid imaging datasets.

In summary, medical-Al has the potential to change the clinical
landscape of hybrid imaging. Nevertheless, careful and thorough
investigation and multi-centric validation of the AI algorithms is
necessary prior to clinical deployment, as the algorithms might have a
direct or indirect impact in patient management. To support reproduc-
ibility, quick development cycles and generally further Al in the hybrid
imaging community, collaborative open-source approaches need to be
encouraged by the community as a whole, rather than closed private
proof-of-concepts.

Encourage multi-centric
studies

Fostering Al in hybrid
imaging

Establish HPC
environment

Invest in building
explainable Al

Fig. 7. Areas where hybrid imaging communities need to make a conscious effort in fostering Al proliferation.



L.K. Shiyam Sundar et al.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence

the work reported in this paper.

References

[1]

[2]
[31
[4]
[5]

[6

—

[71

[8]

[9

—_

[10]

[11]

[12]

[13]
[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

D.W. Townsend, Combined positron emission tomography-computed
tomography: the historical perspective, Semin. Ultrasound CT MR. 29 (2008)
232-235.

J. Czernin, M. Allen-Auerbach, D. Nathanson, K. Herrmann, PET/CT in Oncology:
Current Status and Perspectives, Curr Radiol Rep. 1 (2013) 177-190.

C. Catana, A. Drzezga, W.-D. Heiss, B.R. Rosen, PET/MRI for neurologic
applications, J. Nucl. Med. 53 (2012) 1916-1925.

E.R. Ranschaert, S. Morozov, P.R. Algra (Eds.), Artificial Intelligence in Medical
Imaging: Opportunities, Applications and Risks, Springer, Cham, 2019.

P. Lambin, E. Rios-Velazquez, R. Leijenaar, S. Carvalho, R.G.P.M. van Stiphout,
P. Granton, C.M.L. Zegers, R. Gillies, R. Boellard, A. Dekker, H.J.W.L. Aerts,
Radiomics: extracting more information from medical images using advanced
feature analysis, Eur. J. Cancer. 48 (2012) 441-446.

1. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair,

A. Courville, Y. Bengio, Generative Adversarial Nets, in: Z. Ghahramani,

M. Welling, C. Cortes, N.D. Lawrence, K.Q. Weinberger (Eds.), Advances in
Neural Information Processing Systems 27, Curran Associates Inc, 2014,

pp. 2672-2680.

K. Gong, E. Berg, S.R. Cherry, J. Qi, Machine Learning in PET: From Photon
Detection to Quantitative Image Reconstruction, Proc. IEEE. 108 (2020) 51-68.
X. Hong, Y. Zan, F. Weng, W. Tao, Q. Peng, Q. Huang, Enhancing the Image
Quality via Transferred Deep Residual Learning of Coarse PET Sinograms, IEEE
Trans. Med. Imaging. 37 (2018) 2322-2332.

E. Berg, S.R. Cherry, Using convolutional neural networks to estimate time-of-
flight from PET detector waveforms, Phys. Med. Biol. 63 (2018) 02LTO01.

K. Kim, D. Wu, K. Gong, J. Dutta, J.H. Kim, Y.D. Son, H.K. Kim, G. El Fakhri, Q. Li,
Penalized PET Reconstruction Using Deep Learning Prior and Local Linear Fitting,
IEEE Trans. Med. Imaging. 37 (2018) 1478-1487.

Kuang Gong, Jiahui Guan, Kyungsang Kim, Xuezhu Zhang, Jaewon Yang,
Youngho Seo, G. El Fakhri, Jinyi Qi, Quanzheng Li, Iterative PET Image
Reconstruction Using Convolutional Neural Network Representation, IEEE Trans.
Med. Imaging. 38 (2019) 675-685.

J.D. Schaefferkoetter, J. Yan, D.W. Townsend, M. Conti, Initial assessment of
image quality for low-dose PET: evaluation of lesion detectability, Phys. Med.
Biol. 60 (2015) 5543-5556.

A.M. Bruckstein, D.L. Donoho, M. Elad, From Sparse Solutions of Systems of
Equations to Sparse Modeling of Signals and Images, SIAM Rev. 51 (2009) 34-81.
G. Wang, H. Yu, The meaning of interior tomography, Phys. Med. Biol. 58 (2013)
R161-R186.

K. Zhang, W. Zuo, Y. Chen, D. Meng, L. Zhang, Beyond a Gaussian Denoiser:
Residual Learning of Deep CNN for Image Denoising, IEEE Trans. Image Process.
26 (2017) 3142-3155.

C. Dong, C.C. Loy, K. He, X. Tang, Image Super-Resolution Using Deep
Convolutional Networks, IEEE Trans. Pattern Anal. Mach. Intell. 38 (2016)
295-307, https://doi.org/10.1109/tpami.2015.2439281.

C. Ledig, L. Theis, F. Huszar, J. Caballero, A. Cunningham, A. Acosta, A. Aitken,
A. Tejani, J. Totz, Z. Wang, Others,, Photo-realistic single image super-resolution
using a generative adversarial network, in, in: Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2017, pp. 4681-4690.

J. Schaefferkoetter, Y.-H. Nai, A. Reilhac, D.W. Townsend, L. Eriksson, M. Conti,
Low dose positron emission tomography emulation from decimated high
statistics: A clinical validation study, Med. Phys. 46 (2019) 2638-2645.

H. Chen, Y. Zhang, W. Zhang, P. Liao, K. Li, J. Zhou, G. Wang, Low-Dose CT via
Deep Neural Network, arXiv [physics.med-Ph]. (2016). http://arxiv.org/abs/
1609.08508.

M. Elhamiasl, J. Nuyts, Low-dose x-ray CT simulation from an available higher-
dose scan, Phys. Med. Biol. 65 (2020), 135010.

Y. Gong, H. Shan, Y. Teng, H. Zheng, G. Wang, S. Wang, Deeply-Supervised Multi-
Dose Prior Learning For Low-Dose Pet Imaging, 2020 IEEE 17th International
Symposium on Biomedical Imaging Workshops (ISBI Workshops). (2020).
https://doi.org/10.1109/isbiworkshops50223.2020.9153450.

L. Zhou, J.D. Schaefferkoetter, . W.K. Tham, G. Huang, J. Yan, Supervised
learning with cyclegan for low-dose FDG PET image denoising, Med. Image Anal.
65 (2020), 101770.

W. Lu, J.A. Onofrey, Y. Lu, L. Shi, T. Ma, Y. Liu, C. Liu, An investigation of
quantitative accuracy for deep learning based denoising in oncological PET, Phys.
Med. Biol. 64 (2019), 165019.

Y. Lei, X. Dong, T. Wang, K. Higgins, T. Liu, W.J. Curran, H. Mao, J.A. Nye,

X. Yang, Estimating standard-dose PET from low-dose PET with deep learning,
Medical Imaging 2020: Image Processing. (2020), https://doi.org/10.1117/
12.2548461.

A. Sanaat, H. Arabi, I. Mainta, V. Garibotto, H. Zaidi, Projection-space
implementation of deep learning-guided low-dose brain PET imaging improves
performance over implementation in image-space, J. Nucl. Med. (2020), https://
doi.org/10.2967/jnumed.119.239327.

12

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]
[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[501]

[51]

[52]

[53]

Methods xxx (xxxx) xxXx

L. Xiang, Y. Qiao, D. Nie, L. An, Q. Wang, D. Shen, Deep Auto-context
Convolutional Neural Networks for Standard-Dose PET Image Estimation from
Low-Dose PET/MRI, Neurocomputing. 267 (2017) 406-416.

K.T. Chen, E. Gong, F.B. de Carvalho Macruz, J. Xu, A. Boumis, M. Khalighi, K.
L. Poston, S.J. Sha, M.D. Greicius, E. Mormino, J.M. Pauly, S. Srinivas,

G. Zaharchuk, Ultra-Low-Dose 18F-Florbetaben Amyloid PET Imaging Using
Deep Learning with Multi-Contrast MRI Inputs, Radiology 290 (2019) 649-656.
J. Xu, E. Gong, J. Pauly, G. Zaharchuk, 200x Low-dose PET Reconstruction using
Deep Learning, arXiv [cs.CV]. (2017).

W. Whiteley, W.K. Luk, J. Gregor, DirectPET: full-size neural network PET
reconstruction from sinogram data, J Med Imaging (Bellingham). 7 (2020),
032503.

S. Kaplan, Y.-M. Zhu, Full-Dose PET Image Estimation from Low-Dose PET Image
Using Deep Learning: a Pilot Study, J. Digit. Imaging 32 (2019) 773-778, https://
doi.org/10.1007/510278-018-0150-3.

Y. Wang, B. Yu, L. Wang, C. Zu, D.S. Lalush, W. Lin, X. Wu, J. Zhou, D. Shen,
L. Zhou, 3D conditional generative adversarial networks for high-quality PET
image estimation at low dose, Neuroimage. 174 (2018) 550-562.

K. Gong, J. Guan, C.-C. Liu, J. Qi, PET Image Denoising Using a Deep Neural
Network Through Fine Tuning, IEEE Transactions on Radiation and Plasma
Medical Sciences. 3 (2019) 153-161, https://doi.org/10.1109/
trpms.2018.2877644.

J. Cui, K. Gong, N. Guo, X. Meng, K. Kim, H. Liu, Q. Li, CT-guided PET Image
Denoising using Deep Neural Network without Prior Training Data, in: in: 2018
IEEE Nuclear Science Symposium and Medical Imaging Conference Proceedings
(NSS/MIC), 2018, pp. 1-3.

C.O. da Costa-Luis, A.J. Reader, Deep Learning for Suppression of Resolution-
Recovery Artefacts in MLEM PET Image Reconstruction, in: in: 2017 IEEE Nuclear
Science Symposium and Medical Imaging Conference (NSS/MIC), 2017, pp. 1-3.
C.-C. Liu, J. Qi, Higher SNR PET image prediction using a deep learning model
and MRI image, Phys. Med. Biol. 64 (2019), 115004.

J. Ouyang, K.T. Chen, E. Gong, J. Pauly, G. Zaharchuk, Ultra-low-dose PET
reconstruction using generative adversarial network with feature matching and
task-specific perceptual loss, Med. Phys. 46 (2019) 3555-3564.

B. Yang, L. Ying, J. Tang, Artificial Neural Network Enhanced Bayesian PET
Image Reconstruction, IEEE Trans. Med. Imaging. 37 (2018) 1297-1309.

B. Yang K. Fontaine R. Carson J. Tang Brain PET dose reduction using a shallow
artificial neural network J. Nucl. Med. 59 2018 99a 99a.

G. Zaharchuk, Next generation research applications for hybrid PET/MR and
PET/CT imaging using deep learning, Eur. J. Nucl. Med. Mol. Imaging. 46 (2019)
2700-2707.

J.M. Wolterink, T. Leiner, M.A. Viergever, I. Isgum, Generative Adversarial
Networks for Noise Reduction in Low-Dose CT, IEEE Trans. Med. Imaging. 36
(2017) 2536-2545.

Q. Yang, P. Yan, Y. Zhang, H. Yu, Y. Shi, X. Mou, M.K. Kalra, Y. Zhang, L. Sun,
G. Wang, Low-Dose CT Image Denoising Using a Generative Adversarial Network
With Wasserstein Distance and Perceptual Loss, IEEE Trans. Med. Imaging. 37
(2018) 1348-1357.

E. Kang, H.J. Koo, D.H. Yang, J.B. Seo, J.C. Ye, Cycle-consistent adversarial
denoising network for multiphase coronary CT angiography, Med. Phys. 46
(2019) 550-562.

X. Yang, V. De Andrade, W. Scullin, E.L. Dyer, N. Kasthuri, F. De Carlo, D. Giirsoy,
Low-dose x-ray tomography through a deep convolutional neural network, Sci.
Rep. 8 (2018) 2575.

E. Kang, W. Chang, J. Yoo, J.C. Ye, Deep Convolutional Framelet Denoising for
Low-Dose CT via Wavelet Residual Network, IEEE Trans. Med. Imaging. 37
(2018) 1358-1369.

A.J. Ramon, Y. Yang, P.H. Pretorius, K.L. Johnson, M.A. King, M.N. Wernick,
Initial Investigation of Low-Dose SPECT-MPI via Deep Learning, in: in: 2018 IEEE
Nuclear Science Symposium and Medical Imaging Conference Proceedings (NSS/
MIC), 2018, pp. 1-3.

Q. Zhang, J. Sun, G.S.P. Mok, Low dose SPECT image denoising using a
generative adversarial network, arXiv [eess.IV]. (2019).

A.J. Ramon, Y. Yang, P.H. Pretorius, K.L. Johnson, M.A. King, M.N. Wernick,
Improving Diagnostic Accuracy in Low-Dose SPECT Myocardial Perfusion
Imaging with Convolutional Denoising Networks, IEEE Trans. Med. Imaging.
(2020), https://doi.org/10.1109/TMI.2020.2979940.

M.M.A. Dietze, W. Branderhorst, B. Kunnen, M.A. Viergever, HW.A.M. de Jong,
Accelerated SPECT image reconstruction with FBP and an image enhancement
convolutional neural network, EJNMMI Phys. 6 (2019) 14.

L.K. Shiyam Sundar, D. Tommi, O. Muzik, Z. Chalampalakis, E.M. Klebermass,
M. Hienert, L. Rischka, R. Lanzenberger, A. Hahn, E. Pataraia, T.T. Weidinger,
T. Beyer, Conditional Generative Adversarial Networks (cGANs) aided motion
correction of dynamic 18F-FDG PET brain studies, The Journal of Nuclear
Medicine. (In press (2020).

M. Lustig, D. Donoho, J.M. Pauly, Sparse MRI: The application of compressed
sensing for rapid MR imaging, Magn. Reson. Med. 58 (2007) 1182-1195.

S. Ravishankar, Y. Bresler, MR image reconstruction from highly undersampled k-
space data by dictionary learning, IEEE Trans. Med. Imaging. 30 (2011)
1028-1041.

A.S. Lundervold, A. Lundervold, An overview of deep learning in medical imaging
focusing on MRI, Z. Med. Phys. 29 (2019) 102-127.

Y. Yang, J. Sun, H. Li, Z. Xu, Deep ADMM-Net for Compressive Sensing MRI, in: D.
D. Lee, M. Sugiyama, U.V. Luxburg, I. Guyon, R. Garnett (Eds.), Advances in
Neural Information Processing Systems 29, Curran Associates Inc, 2016,

pp. 10-18.


http://refhub.elsevier.com/S1046-2023(20)30218-8/h0005
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0005
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0005
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0010
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0010
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0015
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0015
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0020
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0020
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0025
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0025
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0025
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0025
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0035
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0035
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0040
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0040
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0040
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0045
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0045
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0050
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0050
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0050
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0065
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0065
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0070
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0070
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0075
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0075
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0075
https://doi.org/10.1109/tpami.2015.2439281
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0085
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0085
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0085
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0085
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0090
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0090
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0090
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0100
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0100
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0110
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0110
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0110
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0115
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0115
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0115
https://doi.org/10.1117/12.2548461
https://doi.org/10.1117/12.2548461
https://doi.org/10.2967/jnumed.119.239327
https://doi.org/10.2967/jnumed.119.239327
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0130
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0130
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0130
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0135
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0135
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0135
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0135
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0140
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0140
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0145
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0145
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0145
https://doi.org/10.1007/s10278-018-0150-3
https://doi.org/10.1007/s10278-018-0150-3
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0155
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0155
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0155
https://doi.org/10.1109/trpms.2018.2877644
https://doi.org/10.1109/trpms.2018.2877644
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0165
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0165
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0165
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0165
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0170
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0170
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0170
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0175
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0175
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0180
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0180
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0180
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0185
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0185
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0195
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0195
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0195
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0200
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0200
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0200
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0205
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0205
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0205
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0205
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0210
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0210
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0210
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0215
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0215
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0215
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0220
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0220
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0220
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0225
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0225
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0225
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0225
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0230
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0230
https://doi.org/10.1109/TMI.2020.2979940
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0240
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0240
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0240
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0245
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0245
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0245
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0245
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0245
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0250
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0250
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0255
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0255
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0255
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0260
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0260
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0265
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0265
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0265
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0265

L.K. Shiyam Sundar et al.

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

S. Wang, Z. Su, L. Ying, X. Peng, S. Zhu, F. Liang, D. Feng, D. Liang,
ACCELERATING MAGNETIC RESONANCE IMAGING VIA DEEP LEARNING, Proc.
IEEE Int. Symp. Biomed. Imaging. 2016 (2016) 514-517.

C. Qin, J. Schlemper, J. Caballero, A.N. Price, J.V. Hajnal, D. Rueckert,
Convolutional Recurrent Neural Networks for Dynamic MR Image
Reconstruction, IEEE Trans. Med. Imaging. 38 (2019) 280-290.

J. Schlemper, J. Caballero, J.V. Hajnal, A.N. Price, D. Rueckert, A Deep Cascade
of Convolutional Neural Networks for Dynamic MR Image Reconstruction, IEEE
Trans. Med. Imaging. 37 (2018) 491-503.

F. Chen, V. Taviani, I. Malkiel, J.Y. Cheng, J.I. Tamir, J. Shaikh, S.T. Chang, C.
J. Hardy, J.M. Pauly, S.S. Vasanawala, Variable-Density Single-Shot Fast Spin-
Echo MRI with Deep Learning Reconstruction by Using Variational Networks,
Radiology 289 (2018) 366-373.

M. Mardani, E. Gong, J.Y. Cheng, S.S. Vasanawala, G. Zaharchuk, L. Xing, J.

M. Pauly, Deep Generative Adversarial Neural Networks for Compressive Sensing
MRI, IEEE Trans. Med. Imaging. 38 (2019) 167-179.

G. Yang, S. Yu, H. Dong, G. Slabaugh, P.L. Dragotti, X. Ye, F. Liu, S. Arridge,

J. Keegan, Y. Guo, D. Firmin, J. Keegan, G. Slabaugh, S. Arridge, X. Ye, Y. Guo,
S. Yu, F. Liu, D. Firmin, P.L. Dragotti, G. Yang, H. Dong, DAGAN: Deep De-
Aliasing Generative Adversarial Networks for Fast Compressed Sensing MRI
Reconstruction, IEEE Trans. Med. Imaging. 37 (2018) 1310-1321.

K.J. LaCroix, B.M.W. Tsui, B.H. Hasegawa, J.K. Brown, Investigation of the use of
X-ray CT images for attenuation compensation in SPECT, IEEE Trans. Nucl. Sci.
41 (1994) 2793-2799.

C. Burger, G. Goerres, S. Schoenes, A. Buck, A.H.R. Lonn, G.K. Von Schulthess,
PET attenuation coefficients from CT images: experimental evaluation of the
transformation of CT into PET 511-keV attenuation coefficients, Eur. J. Nucl.
Med. Mol. Imaging. 29 (2002) 922-927.

J. Carney, T. Beyer, D. Brasse, J.T. Yap, D.W. Townsend, CT-based attenuation
correction for PET/CT scanners in the presence of contrast agent, in: 2002 IEEE
Nuclear Science Symposium Conference Record, 2002: pp. 1443-1446 vol.3.

M. Hofmann, B. Pichler, B. Scholkopf, T. Beyer, Towards quantitative PET/MRI: a
review of MR-based attenuation correction techniques, Eur. J. Nucl. Med. Mol.
Imaging. 36 (Suppl 1) (2009) S93-S104.

G. Wagenknecht, H.-J. Kaiser, F.M. Mottaghy, H. Herzog, MRI for attenuation
correction in PET: methods and challenges, MAGMA. 26 (2013) 99-113.

C.N. Ladefoged, D. Benoit, I. Law, S. Holm, A. Kjar, L. Hgjgaard, A.E. Hansen, F.
L. Andersen, Region specific optimization of continuous linear attenuation
coefficients based on UTE (RESOLUTE): application to PET/MR brain imaging,
Phys. Med. Biol. 60 (2015) 8047-8065.

C.N. Ladefoged, I. Law, U. Anazodo, K. St Lawrence, D. Izquierdo-Garcia,

C. Catana, N. Burgos, M.J. Cardoso, S. Ourselin, B. Hutton, I. Mérida, N. Costes,
A. Hammers, D. Benoit, S. Holm, M. Juttukonda, H. An, J. Cabello, M. Lukas,
S. Nekolla, S. Ziegler, M. Fenchel, B. Jakoby, M.E. Casey, T. Benzinger,

L. Hgjgaard, A.E. Hansen, F.L. Andersen, A multi-centre evaluation of eleven
clinically feasible brain PET/MRI attenuation correction techniques using a large
cohort of patients, Neuroimage. 147 (2017) 346-359.

C.N. Ladefoged, L. Marner, A. Hindsholm, I. Law, L. Hgjgaard, F.L. Andersen,
Deep Learning Based Attenuation Correction of PET/MRI in Pediatric Brain
Tumor Patients: Evaluation in a Clinical Setting, Front. Neurosci. 12 (2018) 1005.
K.D. Spuhler, J. Gardus 3rd, Y. Gao, C. DeLorenzo, R. Parsey, C. Huang, Synthesis
of Patient-Specific Transmission Data for PET Attenuation Correction for PET/
MRI Neuroimaging Using a Convolutional Neural Network, J. Nucl. Med. 60
(2019) 555-560.

X. Han, MR-based synthetic CT generation using a deep convolutional neural
network method, Med. Phys. 44 (2017) 1408-1419, https://doi.org/10.1002/
mp.12155.

F. Liu, H. Jang, R. Kijowski, T. Bradshaw, A.B. McMillan, Deep Learning MR
Imaging-based Attenuation Correction for PET/MR Imaging, Radiology 286
(2018) 676-684.

K. Gong, J. Yang, K. Kim, G. El Fakhri, Y. Seo, Q. Li, Attenuation correction for
brain PET imaging using deep neural network based on Dixon and ZTE MR
images, Phys. Med. Biol. 63 (2018), 125011.

D. Hwang, K.Y. Kim, S.K. Kang, S. Seo, J.C. Paeng, D.S. Lee, J.S. Lee, Improving
the Accuracy of Simultaneously Reconstructed Activity and Attenuation Maps
Using Deep Learning, J. Nucl. Med. 59 (2018) 1624-1629.

A. Torrado-Carvajal, J. Vera-Olmos, D. Izquierdo-Garcia, O.A. Catalano, M.

A. Morales, J. Margolin, A. Soricelli, M. Salvatore, N. Malpica, C. Catana, Dixon-
VIBE Deep Learning (DIVIDE) Pseudo-CT Synthesis for Pelvis PET/MR
Attenuation Correction, J. Nucl. Med. 60 (2019) 429-435.

A.P. Leynes, J. Yang, F. Wiesinger, S.S. Kaushik, D.D. Shanbhag, Y. Seo, T.

A. Hope, P.E.Z. Larson, Zero-Echo-Time and Dixon Deep Pseudo-CT (ZeDD CT):
Direct Generation of Pseudo-CT Images for Pelvic PET/MRI Attenuation
Correction Using Deep Convolutional Neural Networks with Multiparametric
MRI J. Nucl. Med. 59 (2018) 852-858, https://doi.org/10.2967/
jnumed.117.198051.

D. Hwang, S.K. Kang, K.Y. Kim, S. Seo, J.C. Paeng, D.S. Lee, J.S. Lee, Generation
of PET Attenuation Map for Whole-Body Time-of-Flight 18F-FDG PET/MRI Using
a Deep Neural Network Trained with Simultaneously Reconstructed Activity and
Attenuation Maps, J. Nucl. Med. 60 (2019) 1183-1189, https://doi.org/10.2967/
jnumed.118.219493.

A. Pozaruk, K. Pawar, S. Li, A. Carey, J. Cheng, V.P. Sudarshan, M. Cholewa,

J. Grummet, Z. Chen, G. Egan, Augmented deep learning model for improved
quantitative accuracy of MR-based PET attenuation correction in PSMA PET-MRI
prostate imaging, Eur. J. Nucl. Med. Mol. Imaging. (2020), https://doi.org/
10.1007/500259-020-04816-9.

13

[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[971

[98]

[99]

[100]

[101]

Methods xxx (xxxX) XXX

D. Nie, R. Trullo, J. Lian, C. Petitjean, S. Ruan, Q. Wang, D. Shen, Medical Image
Synthesis with Context-Aware Generative Adversarial Networks, Med. Image
Comput. Comput. Assist. Interv. 10435 (2017) 417-425.

H. Arabi, G. Zeng, G. Zheng, H. Zaidi, Novel adversarial semantic structure deep
learning for MRI-guided attenuation correction in brain PET/MRI, Eur. J. Nucl.
Med. Mol. Imaging. 46 (2019) 2746-2759.

J.M. Wolterink, A.M. Dinkla, M.H.F. Savenije, P.R. Seevinck, C.A.T. van den Berg,
I. Isgum, Deep MR to CT Synthesis Using Unpaired Data, in: Simulation and
Synthesis in Medical Imaging, Springer International Publishing, 2017,

pp. 14-23.

P. Isola, J.-Y. Zhu, T. Zhou, A.A. Efros, Image-to-image translation with
conditional adversarial networks, in, in: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, 2017, pp. 1125-1134.

J.-Y. Zhu, T. Park, P. Isola, A.A. Efros, Unpaired image-to-image translation using
cycle-consistent adversarial networks, in, in: Proceedings of the IEEE
International Conference on Computer Vision, 2017, pp. 2223-2232.

C.C. Watson, New, faster, image-based scatter correction for 3D PET, IEEE Trans.
Nucl. Sci. 47 (2000) 1587-1594, https://doi.org/10.1109/23.873020.

C.C. Watson, D. Newport, M.E. Casey, A Single Scatter Simulation Technique for
Scatter Correction in 3D PET, in: P. Grangeat, J.-.L. Amans (Eds.), Three-
Dimensional Image Reconstruction in Radiology and Nuclear Medicine, Springer,
Netherlands, Dordrecht, 1996, pp. 255-268.

Y. Berker, J. Maier, M. KachelrieR, Deep Scatter Estimation in PET: Fast Scatter
Correction Using a Convolutional Neural Network, in: in: 2018 IEEE Nuclear
Science Symposium and Medical Imaging Conference Proceedings (NSS/MIC),
2018, pp. 1-5.

H. Qian, X. Rui, S. Ahn, Deep Learning Models for PET Scatter Estimations, in: in:
2017 IEEE Nuclear Science Symposium and Medical Imaging Conference (NSS/
MIC), 2017, pp. 1-5.

H. Xiang, H. Lim, J.A. Fessler, Y.K. Dewaraja, A deep neural network for fast and
accurate scatter estimation in quantitative SPECT/CT under challenging scatter
conditions, Eur. J. Nucl. Med. Mol. Imaging. (2020), https://doi.org/10.1007/
500259-020-04840-9.

Z. Zhong, Y. Kim, K. Plichta, B.G. Allen, L. Zhou, J. Buatti, X. Wu, Simultaneous
cosegmentation of tumors in PET-CT images using deep fully convolutional
networks, Med. Phys. 46 (2019) 619-633.

Z. Guo, X. Li, H. Huang, N. Guo, Q. Li, Medical Image Segmentation Based on
Multi-Modal Convolutional Neural Network, Study on Image Fusion Schemes,
arXiv [cs.CV]. (2017).

H. Choi, K.H. Jin, Fast and robust segmentation of the striatum using deep
convolutional neural networks, J. Neurosci. Methods. 274 (2016) 146-153.

M. Havaei, A. Davy, D. Warde-Farley, A. Biard, A. Courville, Y. Bengio, C. Pal, P.-
M. Jodoin, H. Larochelle, Brain tumor segmentation with Deep Neural Networks,
Med. Image Anal. 35 (2017) 18-31.

K.R. Laukamp, F. Thiele, G. Shakirin, D. Zopfs, A. Faymonville, M. Timmer,

D. Maintz, M. Perkuhn, J. Borggrefe, Fully automated detection and segmentation
of meningiomas using deep learning on routine multiparametric MRI, Eur. Radiol.
29 (2019) 124-132.

M. Perkuhn, P. Stavrinou, F. Thiele, G. Shakirin, M. Mohan, D. Garmpis,

C. Kabbasch, J. Borggrefe, Clinical Evaluation of a Multiparametric Deep
Learning Model for Glioblastoma Segmentation Using Heterogeneous Magnetic
Resonance Imaging Data From Clinical Routine, Invest. Radiol. 53 (2018)
647-654.

E.A. AlBadawy, A. Saha, M.A. Mazurowski, Deep learning for segmentation of
brain tumors: Impact of cross-institutional training and testing, Med. Phys. 45
(2018) 1150-1158.

S. Cui, L. Mao, J. Jiang, C. Liu, S. Xiong, Automatic Semantic Segmentation of
Brain Gliomas from MRI Images Using a Deep Cascaded Neural Network,

J. Healthc. Eng. 2018 (2018) 4940593.

F. Hoseini, A. Shahbahrami, P. Bayat, AdaptAhead Optimization Algorithm for
Learning Deep CNN Applied to MRI Segmentation, J. Digit. Imaging. 32 (2019)
105-115.

J. Dolz, I. Ben Ayed, C. Desrosiers, Dense Multi-path U-Net for Ischemic Stroke
Lesion Segmentation in Multiple Image Modalities, in: Brainlesion: Glioma,
Multiple Sclerosis, Stroke and Traumatic Brain Injuries, Springer International
Publishing, 2019, pp. 271-282.

Z. Liu, C. Cao, S. Ding, Z. Liu, T. Han, S. Liu, Towards Clinical Diagnosis:
Automated Stroke Lesion Segmentation on Multi-Spectral MR Image Using
Convolutional Neural Network, IEEE Access 6 (2018) 57006-57016.

H. Kamal, V. Lopez, S.A. Sheth, Machine Learning in Acute Ischemic Stroke
Neuroimaging, Front. Neurol. 9 (2018) 945.

G.B. Praveen, A. Agrawal, P. Sundaram, S. Sardesai, Ischemic stroke lesion
segmentation using stacked sparse autoencoder, Comput. Biol. Med. 99 (2018)
38-52.

S. Winzeck, A. Hakim, R. McKinley, J. Pinto, V. Alves, C. Silva, M. Pisov,

E. Krivov, M. Belyaev, M. Monteiro, A. Oliveira, Y. Choi, M.C. Paik, Y. Kwon,
H. Lee, B.J. Kim, J.-H. Won, M. Islam, H. Ren, D. Robben, P. Suetens, E. Gong,
Y. Niu, J. Xu, J.M. Pauly, C. Lucas, M.P. Heinrich, L.C. Rivera, L.S. Castillo, L.
A. Daza, A.L. Beers, P. Arbelaezs, O. Maier, K. Chang, J.M. Brown, J. Kalpathy-
Cramer, G. Zaharchuk, R. Wiest, M. Reyes, ISLES,, Ischemic Stroke Lesion
Outcome Prediction Based on Multispectral MRI, Front. Neurol. 9 (2018) 679,
2016 and 2017-Benchmarking.

R. Zhang, L. Zhao, W. Lou, J.M. Abrigo, V.C.T. Mok, W.C.W. Chu, D. Wang, L. Shi,
Automatic Segmentation of Acute Ischemic Stroke From DWI Using 3-D Fully
Convolutional DenseNets, IEEE Trans. Med. Imaging. 37 (2018) 2149-2160.


http://refhub.elsevier.com/S1046-2023(20)30218-8/h0270
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0270
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0270
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0275
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0275
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0275
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0280
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0280
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0280
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0285
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0285
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0285
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0285
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0290
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0290
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0290
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0295
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0295
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0295
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0295
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0295
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0300
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0300
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0300
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0305
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0305
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0305
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0305
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0315
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0315
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0315
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0320
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0320
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0325
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0325
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0325
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0325
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0330
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0330
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0330
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0330
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0330
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0330
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0330
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0335
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0335
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0335
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0340
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0340
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0340
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0340
https://doi.org/10.1002/mp.12155
https://doi.org/10.1002/mp.12155
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0350
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0350
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0350
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0355
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0355
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0355
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0360
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0360
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0360
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0365
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0365
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0365
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0365
https://doi.org/10.2967/jnumed.117.198051
https://doi.org/10.2967/jnumed.117.198051
https://doi.org/10.2967/jnumed.118.219493
https://doi.org/10.2967/jnumed.118.219493
https://doi.org/10.1007/s00259-020-04816-9
https://doi.org/10.1007/s00259-020-04816-9
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0385
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0385
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0385
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0390
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0390
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0390
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0395
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0395
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0395
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0395
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0400
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0400
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0400
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0405
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0405
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0405
https://doi.org/10.1109/23.873020
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0415
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0415
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0415
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0415
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0420
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0420
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0420
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0420
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0425
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0425
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0425
https://doi.org/10.1007/s00259-020-04840-9
https://doi.org/10.1007/s00259-020-04840-9
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0435
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0435
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0435
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0440
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0440
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0440
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0445
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0445
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0450
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0450
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0450
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0455
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0455
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0455
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0455
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0460
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0460
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0460
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0460
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0460
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0465
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0465
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0465
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0470
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0470
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0470
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0475
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0475
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0475
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0480
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0480
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0480
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0480
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0485
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0485
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0485
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0490
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0490
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0495
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0495
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0495
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0500
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0500
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0500
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0500
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0500
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0500
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0500
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0500
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0505
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0505
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0505

L.K. Shiyam Sundar et al.

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

B.H. Menze, A. Jakab, S. Bauer, J. Kalpathy-Cramer, K. Farahani, J. Kirby,

Y. Burren, N. Porz, J. Slotboom, R. Wiest, L. Lanczi, E. Gerstner, M.-A. Weber,
T. Arbel, B.B. Avants, N. Ayache, P. Buendia, D.L. Collins, N. Cordier, J.J. Corso,
A. Criminisi, T. Das, H. Delingette, C. Demiralp, C.R. Durst, M. Dojat, S. Doyle,
J. Festa, F. Forbes, E. Geremia, B. Glocker, P. Golland, X. Guo, A. Hamamci, K.
M. Iftekharuddin, R. Jena, N.M. John, E. Konukoglu, D. Lashkari, J.A. Mariz,

R. Meier, S. Pereira, D. Precup, S.J. Price, T.R. Raviv, S.M.S. Reza, M. Ryan,

D. Sarikaya, L. Schwartz, H.-C. Shin, J. Shotton, C.A. Silva, N. Sousa, N.

K. Subbanna, G. Szekely, T.J. Taylor, O.M. Thomas, N.J. Tustison, G. Unal,

F. Vasseur, M. Wintermark, D.H. Ye, L. Zhao, B. Zhao, D. Zikic, M. Prastawa,
M. Reyes, K. Van Leemput, The Multimodal Brain Tumor Image Segmentation
Benchmark (BRATS), IEEE Trans. Med. Imaging. 34 (2015) 1993-2024.

S. Bakas, H. Akbari, A. Sotiras, M. Bilello, M. Rozycki, J.S. Kirby, J.B. Freymann,
K. Farahani, C. Davatzikos, Advancing The Cancer Genome Atlas glioma MRI
collections with expert segmentation labels and radiomic features, Sci Data. 4
(2017), 170117.

M. Livne, J. Rieger, O.U. Aydin, A.A. Taha, E.M. Akay, T. Kossen, J. Sobesky, J.
D. Kelleher, K. Hildebrand, D. Frey, V.I. Madai, A U-Net Deep Learning
Framework for High Performance Vessel Segmentation in Patients With
Cerebrovascular Disease, Front. Neurosci. 13 (2019) 97.

R. Phellan, A. Peixinho, A. Falcao, N.D. Forkert, Vascular Segmentation in TOF
MRA Images of the Brain Using a Deep Convolutional Neural Network, in:
Intravascular Imaging and Computer Assisted Stenting, and Large-Scale
Annotation of Biomedical Data and Expert Label Synthesis, Springer International
Publishing, 2017, pp. 39-46.

A. Hilbert, V.I. Madai, E.M. Akay, O.U. Aydin, J. Behland, J. Sobesky, I. Galinovic,
A.A. Khalil, A.A. Taha, J. W&uumlrfel, P. Dusek, T. Niendorf, J.B. Fiebach,

D. Frey, M. Livne, BRAVE-NET, Fully Automated Arterial Brain Vessel
Segmentation In Patients with Cerebrovascular Disease, Neurology. (2020),
https://doi.org/10.1101,/2020.04.08.20057570.

G. Tetteh, V. Efremov, N.D. Forkert, M. Schneider, J. Kirschke, B. Weber,

C. Zimmer, M. Piraud, B.H. Menze, DeepVesselNet: Vessel Segmentation,
Centerline Prediction, and Bifurcation Detection in 3-D Angiographic Volumes,
arXiv [cs.CV]. (2018).

L.K. Sundar, O. Muzik, L. Rischka, A. Hahn, I. Rausch, R. Lanzenberger,

M. Hienert, E.-M. Klebermass, F.-G. Fiichsel, M. Hacker, M. Pilz, E. Pataraia,

T. Traub-Weidinger, T. Beyer, Towards quantitative [18F]FDG-PET/MRI of the
brain: Automated MR-driven calculation of an image-derived input function for
the non-invasive determination of cerebral glucose metabolic rates, J. Cereb.
Blood Flow Metab. 39 (2019) 1516-1530.

L.K. Shiyam Sundar, O. Muzik, L. Rischka, A. Hahn, R. Lanzenberger, M. Hienert,
E.M. Klebermass, M. Bauer, 1. Rausch, E. Pataraia, T. Traub-Weidinger, T. Beyer,
The promise of fully-integrated PET/MR imaging: Non-invasive clinical
quantification of cerebral glucose metabolism, J. Nucl. Med. (2019), https://doi.
org/10.2967/jnumed.119.229567.

H. Sari, K. Erlandsson, I. Law, H.B. Larsson, S. Ourselin, S. Arridge, D. Atkinson, B.
F. Hutton, Estimation of an image derived input function with MR-defined carotid
arteries in FDG-PET human studies using a novel partial volume correction
method, J. Cereb. Blood Flow Metab. 37 (2017) 1398-1409.

M.M. Khalighi, T.W. Deller, A.P. Fan, P.K. Gulaka, B. Shen, P. Singh, J.-H. Park, F.
T. Chin, G. Zaharchuk, Image-derived input function estimation on a TOF-enabled
PET/MR for cerebral blood flow mapping, J. Cereb. Blood Flow Metab. 38 (2018)
126-135.

T.H. Jochimsen, V. Zeisig, J. Schulz, P. Werner, M. Patt, J. Patt, A.Y. Dreyer,

J. Boltze, H. Barthel, O. Sabri, B. Sattler, Fully automated calculation of image-
derived input function in simultaneous PET/MRI in a sheep model, EJNMMI Phys.
3 (2016) 2.

J. Bucerius, F. Hyafil, H.J. Verberne, R.H.J.A. Slart, O. Lindner, R. Sciagra,

D. Agostini, C. Ubleis, A. Gimelli, M. Hacker, Cardiovascular Committee of the
European Association of Nuclear Medicine (EANM), Position paper of the
Cardiovascular Committee of the European Association of Nuclear Medicine
(EANM) on PET imaging of atherosclerosis, Eur. J. Nucl. Med. Mol. Imaging. 43
(2016) 780-792.

J. Cal-Gonzalez, X. Li, D. Heber, 1. Rausch, S.C. Moore, K. Schafers, M. Hacker,
T. Beyer, Partial volume correction for improved PET quantification in 18F-NaF
imaging of atherosclerotic plaques, J. Nucl. Cardiol. 25 (2018) 1742-1756.

1. Rausch, D. Beitzke, X. Li, S. Pfaff, S. Rasul, A.R. Haug, M.E. Mayerhoefer,

M. Hacker, T. Beyer, J. Cal-Gonzdlez, Accuracy of PET quantification in [68Ga]
Ga-pentixafor PET/MR imaging of carotid plaques, J. Nucl. Cardiol. (2020),
https://doi.org/10.1007/512350-020-02257-3.

K. Erlandsson, I. Buvat, P.H. Pretorius, B.A. Thomas, B.F. Hutton, A review of
partial volume correction techniques for emission tomography and their
applications in neurology, cardiology and oncology, Phys. Med. Biol. 57 (2012)
R119-R159.

E. Gibson, F. Giganti, Y. Hu, E. Bonmati, S. Bandula, K. Gurusamy, B. Davidson, S.
P. Pereira, M.J. Clarkson, D.C. Barratt, Automatic Multi-Organ Segmentation on
Abdominal CT With Dense V-Networks, IEEE Trans. Med. Imaging. 37 (2018)
1822-1834.

A.D. Weston, P. Korfiatis, T.L. Kline, K.A. Philbrick, P. Kostandy, T. Sakinis,

M. Sugimoto, N. Takahashi, B.J. Erickson, Automated Abdominal Segmentation of
CT Scans for Body Composition Analysis Using Deep Learning, Radiology 290
(2019) 669-679.

T. Tong, R. Wolz, Z. Wang, Q. Gao, K. Misawa, M. Fujiwara, K. Mori, J.V. Hajnal,
D. Rueckert, Discriminative dictionary learning for abdominal multi-organ
segmentation, Med. Image Anal. 23 (2015) 92-104.

14

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]
[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

Methods xxx (xxxx) xxXx

M. Oda, N. Shimizu, K. Karasawa, Y. Nimura, T. Kitasaka, K. Misawa, M.
Fujiwara, D. Rueckert, K. Mori, Regression Forest-Based Atlas Localization and
Direction Specific Atlas Generation for Pancreas Segmentation, in: Medical Image
Computing and Computer-Assisted Intervention — MICCAI 2016, Springer
International Publishing, 2016: pp. 556-563.

H. Kim, J. Jung, J. Kim, B. Cho, J. Kwak, J.Y. Jang, S.-W. Lee, J.-G. Lee, S.

M. Yoon, Abdominal multi-organ auto-segmentation using 3D-patch-based deep
convolutional neural network, Sci. Rep. 10 (2020) 6204.

M.F. Bobo, S. Bao, Y. Huo, Y. Yao, J. Virostko, A.J. Plassard, I. Lyu, A. Assad, R.
G. Abramson, M.A. Hilmes, B.A. Landman, Fully Convolutional Neural Networks
Improve Abdominal Organ Segmentation, Proc. SPIE Int. Soc. Opt. Eng. 10574
(2018), https://doi.org/10.1117/12.2293751.

Y. Chen, D. Ruan, J. Xiao, L. Wang, B. Sun, R. Saouaf, W. Yang, D. Li, Z. Fan, Fully
Automated Multi-Organ Segmentation in Abdominal Magnetic Resonance
Imaging with Deep Neural Networks, arXiv [eess.IV]. (2019).

S.R. Cherry, T. Jones, J.S. Karp, J. Qi, W.W. Moses, R.D. Badawi, Total-Body PET:
Maximizing Sensitivity to Create New Opportunities for Clinical Research and
Patient Care, J. Nucl. Med. 59 (2018) 3-12.

X. Zhang, Z. Xie, E. Berg, M.S. Judenhofer, W. Liu, T. Xu, Y. Ding, Y. Lv, Y. Dong,
Z. Deng, S. Tang, H. Shi, P. Hu, S. Chen, J. Bao, H. Li, J. Zhou, G. Wang, S.

R. Cherry, R.D. Badawi, J. Qi, Total-Body Dynamic Reconstruction and
Parametric Imaging on the uEXPLORER, J. Nucl. Med. 61 (2020) 285-291.

R.D. Badawi, H. Shi, P. Hu, S. Chen, T. Xu, P.M. Price, Y. Ding, B.A. Spencer,

L. Nardo, W. Liu, J. Bao, T. Jones, H. Li, S.R. Cherry, First Human Imaging Studies
with the EXPLORER Total-Body PET Scanner, J. Nucl. Med. 60 (2019) 299-303.
X. Zhang, S.R. Cherry, Z. Xie, H. Shi, R.D. Badawi, J. Qi, Subsecond total-body
imaging using ultrasensitive positron emission tomography, Proc. Natl. Acad. Sci.
U. S. A. 117 (2020) 2265-2267.

A.N. Christensen, PET and PET, CT Physics, PET/CT Atlas on Quality Control and
Image Artefacts, International Atomic Energy Agency (2014) 10-27.

S.C. Blankespoor, X. Xu, K. Kaiki, J.K. Brown, H.R. Tang, C.E. Cann, B.

H. Hasegawa, Attenuation correction of SPECT using X-ray CT on an emission-
transmission CT system: myocardial perfusion assessment, IEEE Trans. Nucl. Sci.
43 (1996) 2263-2274.

T. Xia, A.M. Alessio, P.E. Kinahan, Dual energy CT for attenuation correction with
PET/CT, Med. Phys. 41 (2013), 012501, https://doi.org/10.1118/1.4828838.

E. Meyer, R. Raupach, M. Lell, B. Schmidt, M. Kachelriess, Normalized metal
artifact reduction (NMAR) in computed tomography, Med. Phys. 37 (2010)
5482-5493.

M. Bal, L. Spies, Metal artifact reduction in CT using tissue-class modeling and
adaptive prefiltering, Med. Phys. 33 (2006) 2852-2859.

D. Prell, Y. Kyriakou, M. Beister, W.A. Kalender, A novel forward projection-based
metal artifact reduction method for flat-detector computed tomography, Phys.
Med. Biol. 54 (2009) 6575-6591.

J. Wang, S. Wang, Y. Chen, J. Wu, J.-L. Coatrieux, L. Luo, Metal artifact reduction
in CT using fusion based prior image, Med. Phys. 40 (2013), 081903.

G. Wang, D.L. Snyder, J.A. O’Sullivan, M.W. Vannier, Iterative deblurring for CT
metal artifact reduction, IEEE Trans. Med. Imaging. 15 (1996) 657-664.

G. Wang, M.W. Vannier, P.C. Cheng, Iterative X-ray Cone-Beam Tomography for
Metal Artifact Reduction and Local Region Reconstruction, Microsc. Microanal. 5
(1999) 58-65.

X. Zhang, J. Wang, L. Xing, Metal artifact reduction in x-ray computed
tomography (CT) by constrained optimization, Med. Phys. 38 (2011) 701-711.
C. Lemmens, D. Faul, J. Nuyts, Suppression of metal artifacts in CT using a
reconstruction procedure that combines MAP and projection completion, IEEE
Trans. Med. Imaging. 28 (2009) 250-260.

Y. Zhang, X. Mou, H. Yan, Weighted Total Variation constrained reconstruction
for reduction of metal artifact in CT, in, IEEE Nuclear Science Symposuim Medical
Imaging Conference (2010) 2630-2634.

Y. Zhang, X. Mou, Metal artifact reduction based on beam hardening correction
and statistical iterative reconstruction for X-ray computed tomography, in: in,
International Society for Optics and Photonics, 2013, p. 866820.

Y. Zhang, H. Yu, Convolutional Neural Network Based Metal Artifact Reduction in
X-Ray Computed Tomography, IEEE Trans. Med. Imaging. 37 (2018) 1370-1381.
H.S. Park, S.M. Lee, H.P. Kim, J.K. Seo, Machine-learning-based nonlinear
decomposition of CT images for metal artifact reduction, arXiv [physics.med-Ph].
(2017). http://arxiv.org/abs/1708.00244.

M.U. Ghani, W. Clem Karl, Fast Enhanced CT Metal Artifact Reduction Using Data
Domain Deep Learning, IEEE Transactions on Computational, Imaging. 6 (2020)
181-193, https://doi.org/10.1109/tci.2019.2937221.

M.U. Ghani, W.C. Karl, Deep Learning Based Sinogram Correction for Metal
Artifact Reduction, Electronic Imaging. 2018 (2018), 472-1-4728.

X. Huang, J. Wang, F. Tang, T. Zhong, Y. Zhang, Metal artifact reduction on
cervical CT images by deep residual learning, Biomed. Eng. Online. 17 (2018)
175.

Z. Wang, C. Vandersteen, T. Demarcy, D. Gnansia, C. Raffaelli, N. Guevara, H.
Delingette, Deep Learning Based Metal Artifacts Reduction in Post-operative
Cochlear Implant CT Imaging, in: Medical Image Computing and Computer
Assisted Intervention — MICCAI 2019, Springer International Publishing, 2019:
pp. 121-129.

G. Schramm, C.N. Ladefoged, Metal artifact correction strategies in MRI-based
attenuation correction in PET/MRI, Microbiologyopen. 1 (2019) 20190033.

H. Arabi, H. Zaidi, Three-dimensional shape completion using deep convolutional
neural networks: Application to truncation compensation and metal artifact
reduction in PET/MRI attenuation correction, in: 2019 IEEE Nuclear Science


http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0510
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0515
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0515
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0515
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0515
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0520
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0520
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0520
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0520
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0525
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0525
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0525
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0525
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0525
https://doi.org/10.1101/2020.04.08.20057570
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0535
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0535
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0535
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0535
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0540
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0540
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0540
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0540
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0540
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0540
https://doi.org/10.2967/jnumed.119.229567
https://doi.org/10.2967/jnumed.119.229567
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0550
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0550
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0550
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0550
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0555
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0555
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0555
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0555
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0560
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0560
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0560
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0560
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0565
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0565
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0565
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0565
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0565
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0565
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0570
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0570
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0570
https://doi.org/10.1007/s12350-020-02257-3
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0580
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0580
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0580
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0580
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0585
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0585
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0585
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0585
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0590
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0590
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0590
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0590
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0595
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0595
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0595
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0605
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0605
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0605
https://doi.org/10.1117/12.2293751
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0615
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0615
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0615
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0620
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0620
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0620
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0625
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0625
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0625
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0625
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0630
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0630
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0630
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0635
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0635
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0635
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0640
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0640
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0645
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0645
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0645
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0645
https://doi.org/10.1118/1.4828838
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0655
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0655
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0655
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0660
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0660
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0665
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0665
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0665
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0670
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0670
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0675
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0675
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0680
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0680
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0680
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0685
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0685
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0690
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0690
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0690
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0695
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0695
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0695
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0700
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0700
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0700
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0705
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0705
https://doi.org/10.1109/tci.2019.2937221
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0720
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0720
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0725
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0725
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0725
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0735
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0735

L.K. Shiyam Sundar et al.

[149]

[150]

[151]

[152]

[153]

[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]

[164]

[165]

[166]

[167]

[168]

[169]

[170]

Symposium and Medical Imaging Conference (NSS/MIC), 2019, https://doi.org/
10.1109/nss/mic42101.2019.9059660.

S.H. Keller, C. Hansen, C. Hansen, F.L. Andersen, C. Ladefoged, C. Svarer, A. Kjer,
L. Hgjgaard, 1. Law, O.M. Henriksen, A.E. Hansen, Sparsely sampled MR
navigators as a practical tool for quality control and correction of head motion in
simultaneous PET/MR, EJNMMI Phys. 1 (2014) A36.

C.-B. Jin, H. Kim, M. Liu, W. Jung, S. Joo, E. Park, Y.S. Ahn, L.H. Han, J.I. Lee,
X. Cui, Deep CT to MR Synthesis Using Paired and Unpaired Data, Sensors. 19
(2019), https://doi.org/10.3390/519102361.

Z.Hu, Y. Li, S. Zou, H. Xue, Z. Sang, X. Liu, Y. Yang, X. Zhu, D. Liang, H. Zheng,
Obtaining PET/CT images from non-attenuation corrected PET images in a single
PET system using Wasserstein generative adversarial networks, Phys. Med. Biol.
(2020), https://doi.org/10.1088/1361-6560/aba5e9.

V. Chaurasia S. Pal Data Mining Approach to Detect Heart Diseases, 0 2 2013 56
66.

X. Mo, X. Wu, D. Dong, B. Guo, C. Liang, X. Luo, B. Zhang, L. Zhang, Y. Dong,
Z. Lian, J. Liu, S. Pei, W. Huang, F. Ouyang, J. Tian, S. Zhang, Prognostic value of
the radiomics-based model in progression-free survival of hypopharyngeal cancer
treated with chemoradiation, Eur. Radiol. 30 (2020) 833-843.

X. Ming, R.W. Oei, R. Zhai, F. Kong, C. Du, C. Hu, W. Hu, Z. Zhang, H. Ying,

J. Wang, MRI-based radiomics signature is a quantitative prognostic biomarker
for nasopharyngeal carcinoma, Sci. Rep. 9 (2019) 10412.

V. Nardone, P. Tini, P. Pastina, C. Botta, A. Reginelli, S.F. Carbone, R. Giannicola,
G. Calabrese, C. Tebala, C. Guida, A. Giudice, V. Barbieri, P. Tassone,

P. Tagliaferri, S. Cappabianca, R. Capasso, A. Luce, M. Caraglia, M.A. Mazzei,
L. Pirtoli, P. Correale, Radiomics predicts survival of patients with advanced non-
small cell lung cancer undergoing PD-1 blockade using Nivolumab, Oncol. Lett.
19 (2020) 1559-1566.

Y. Meng, J. Sun, N. Qu, G. Zhang, T. Yu, H. Piao, Application of Radiomics for
Personalized Treatment of Cancer Patients, Cancer Manag. Res. 11 (2019)
10851-10858.

S.P. Haider, A. Mahajan, T. Zeevi, P. Baumeister, C. Reichel, K. Sharaf,

R. Forghani, A.S. Kucukkaya, B.H. Kann, B.L. Judson, M.L. Prasad, B. Burtness,
S. Payabvash, PET/CT radiomics signature of human papilloma virus association
in oropharyngeal squamous cell carcinoma, Eur. J. Nucl. Med. Mol. Imaging.
(2020), https://doi.org/10.1007/500259-020-04839-2.

J.W. Lee, S.M. Lee, Radiomics in Oncological PET/CT: Clinical Applications, Nucl.
Med. Mol. Imaging. 52 (2018) 170-189.

W. Lv, Q. Yuan, Q. Wang, J. Ma, Q. Feng, W. Chen, A. Rahmim, L. Lu, Radiomics
Analysis of PET and CT Components of PET/CT Imaging Integrated with Clinical
Parameters: Application to Prognosis for Nasopharyngeal Carcinoma, Mol.
Imaging Biol. 21 (2019) 954-964.

M. Bogowicz, O. Riesterer, L.S. Stark, G. Studer, J. Unkelbach, M. Guckenberger,
S. Tanadini-Lang, Comparison of PET and CT radiomics for prediction of local
tumor control in head and neck squamous cell carcinoma, Acta Oncol. 56 (2017)
1531-1536.

F. Lucia, D. Visvikis, M. Vallieres, M.-C. Desseroit, O. Miranda, P. Robin, P.

A. Bonaffini, J. Alfieri, I. Masson, A. Mervoyer, C. Reinhold, O. Pradier, M. Hatt,
U. Schick, External validation of a combined PET and MRI radiomics model for
prediction of recurrence in cervical cancer patients treated with
chemoradiotherapy, Eur. J. Nucl. Med. Mol. Imaging. 46 (2019) 864-877.

M. Kirienko, L. Cozzi, A. Rossi, E. Voulaz, L. Antunovic, A. Fogliata, A. Chiti,
M. Sollini, Ability of FDG PET and CT radiomics features to differentiate between
primary and metastatic lung lesions, Eur. J. Nucl. Med. Mol. Imaging. 45 (2018)
1649-1660.

D. Visvikis, C. Cheze Le Rest, V. Jaouen, M. Hatt, Artificial intelligence, machine
(deep) learning and radio(geno)mics: definitions and nuclear medicine imaging
applications, Eur. J. Nucl. Med. Mol. Imaging. 46 (2019) 2630-2637.

F. Bianconi, I. Palumbo, A. Spanu, S. Nuvoli, M.L. Fravolini, B. Palumbo, PET/CT
Radiomics in Lung Cancer: An Overview, NATO Adv, Sci. Inst. Ser. E Appl. Sci. 10
(2020) 1718.

G. Dissaux, D. Visvikis, R. Da-Ano, O. Pradier, E. Chajon, 1. Barillot, L. Duvergé,
I. Masson, R. Abgral, M.-J. Santiago Ribeiro, A. Devillers, A. Pallardy, V. Fleury,
M.-A. Mahé, R. De Crevoisier, M. Hatt, U. Schick, Pretreatment 18F-FDG PET/CT
Radiomics Predict Local Recurrence in Patients Treated with Stereotactic Body
Radiotherapy for Early-Stage Non-Small Cell Lung Cancer: A Multicentric Study,
J. Nucl. Med. 61 (2020) 814-820.

X. Li, G. Yin, Y. Zhang, D. Dai, J. Liu, P. Chen, L. Zhu, W. Ma, W. Xu, Predictive
Power of a Radiomic Signature Based on 18F-FDG PET/CT Images for EGFR
Mutational Status in NSCLC, Front. Oncol. 9 (2019) 1062.

W. Mu, L. Tunali, J.E. Gray, J. Qi, M.B. Schabath, R.J. Gillies, Radiomics of 18F-
FDG PET/CT images predicts clinical benefit of advanced NSCLC patients to
checkpoint blockade immunotherapy, Eur. J. Nucl. Med. Mol. Imaging. 47 (2020)
1168-1182.

A. Oikonomou, F. Khalvati, P.N. Tyrrell, M.A. Haider, U. Tarique, L. Jimenez-
Juan, M.C. Tjong, I. Poon, A. Eilaghi, L. Ehrlich, P. Cheung, Radiomics analysis at
PET/CT contributes to prognosis of recurrence and survival in lung cancer treated
with stereotactic body radiotherapy, Sci. Rep. 8 (2018) 4003.

J.E. van Timmeren, S. Carvalho, R.T.H. Leijenaar, E.G.C. Troost, W. van Elmpt,
D. de Ruysscher, J.-P. Muratet, F. Denis, T. Schimek-Jasch, U. Nestle, A. Jochems,
H.C. Woodruff, C. Oberije, P. Lambin, Challenges and caveats of a multi-center
retrospective radiomics study: an example of early treatment response assessment
for NSCLC patients using FDG-PET/CT radiomics, PLoS ONE 14 (2019),
€0217536.

H. Peng, D. Dong, M.-J. Fang, L. Li, L.-L. Tang, L. Chen, W.-F. Li, Y.-P. Mao,

W. Fan, L.-Z. Liu, L. Tian, A.-H. Lin, Y. Sun, J. Tian, J. Ma, Prognostic Value of

15

[171]

[172]

[173]

[174]

[175]

[176]

[177]

[178]

[179]

[180]

[181]

[182]

[183]

[184]

[185]

[186]

[187]

[188]

[189]
[190]

[191]

[192]

Methods xxx (xxxX) XXX

Deep Learning PET/CT-Based Radiomics: Potential Role for Future Individual
Induction Chemotherapy in Advanced Nasopharyngeal Carcinoma, Clin. Cancer
Res. 25 (2019) 4271-4279.

A. Rahmim, P. Huang, N. Shenkov, S. Fotouhi, E. Davoodi-Bojd, L. Lu, Z. Mari,
H. Soltanian-Zadeh, V. Sossi, Improved prediction of outcome in Parkinson’s
disease using radiomics analysis of longitudinal DAT SPECT images, Neuroimage
Clin. 16 (2017) 539-544.

X. Hu, X. Sun, J. Guo, X. Lan, R. An, Others, Preliminary Exploration of PET/MR
Radiomics Features for Differential Diagnosis of Parkinson’s Disease and Multiple
System Atrophy, (2019). https://posterng.netkey.at/eanm/viewing/index.php?
module=viewing_poster&task=&pi=4585.

L. Umutlu, F. Nensa, A. Demircioglu, G. Antoch, K. Herrmann, M. Forsting, J.
S. Grueneisen, Radiomics Analysis of Multiparametric PET/MRI for N- and M-
Staging in Patients with Primary Cervical Cancer, Rofo. 192 (2020) 754-763.
E.L. Solari, A. Gafita, B. Laurent, T. Amiel, R. Tauber, D. Visvikis, W. Weber, M.
Eiber, M. Hatt, S. Nekolla, Others, Preliminary evaluation of PSMA PET/MR
radiomics for primary staging in patients with prostate cancer, (2019). https://
posterng.netkey.at/eanm/viewing/index.php?module=viewing_
poster&task=&pi=4768.

J. Antunes, S. Viswanath, M. Rusu, L. Valls, C. Hoimes, N. Avril, A. Madabhushi,
Radiomics Analysis on FLT-PET/MRI for Characterization of Early Treatment
Response in Renal Cell Carcinoma: A Proof-of-Concept Study, Transl. Oncol. 9
(2016) 155-162.

P. Lohmann, M. Kocher, G. Ceccon, E.K. Bauer, G. Stoffels, S. Viswanathan, M.
1. Ruge, B. Neumaier, N.J. Shah, G.R. Fink, K.-J. Langen, N. Galldiks, Combined
FET PET/MRI radiomics differentiates radiation injury from recurrent brain
metastasis, Neuroimage Clin. 20 (2018) 537-542.

P. Lohmann, M. Kocher, M.I. Ruge, V. Visser-Vandewalle, N.J. Shah, G.R. Fink, K.-
J. Langen, N. Galldiks, PET/MRI Radiomics in Patients With Brain Metastases,
Front. Neurol. 11 (2020) 1.

A. Zwanenburg, Radiomics in nuclear medicine: robustness, reproducibility,
standardization, and how to avoid data analysis traps and replication crisis, Eur.
J. Nucl. Med. Mol. Imaging. 46 (2019) 2638-2655.

A. Zwanenburg, M. Vallieres, M.A. Abdalah, H.J.W.L. Aerts, V. Andrearczyk,

A. Apte, S. Ashrafinia, S. Bakas, R.J. Beukinga, R. Boellaard, M. Bogowicz,

L. Boldrini, I. Buvat, G.J.R. Cook, C. Davatzikos, A. Depeursinge, M.-C. Desseroit,
N. Dinapoli, C.V. Dinh, S. Echegaray, I. El Naqa, A.Y. Fedorov, R. Gatta, R.

J. Gillies, V. Goh, M. G6tz, M. Guckenberger, S.M. Ha, M. Hatt, F. Isensee,

P. Lambin, S. Leger, R.T.H. Leijenaar, J. Lenkowicz, F. Lippert, A. Losnegérd, K.
H. Maier-Hein, O. Morin, H. Miiller, S. Napel, C. Nioche, F. Orlhac, S. Pati, E.A.
G. Pfaehler, A. Rahmim, A.U.K. Rao, J. Scherer, M.M. Siddique, N.M. Sijtsema,
J. Socarras Fernandez, E. Spezi, R.J.H.M. Steenbakkers, S. Tanadini-Lang,

D. Thorwarth, E.G.C. Troost, T. Upadhaya, V. Valentini, L.V. van Dijk, J. van
Griethuysen, F.H.P. van Velden, P. Whybra, C. Richter, S. Lock, The Image
Biomarker Standardization Initiative: Standardized Quantitative Radiomics for
High-Throughput Image-based Phenotyping, Radiology 295 (2020) 328-338.

F. Orlhac, F. Frouin, C. Nioche, N. Ayache, I. Buvat, Validation of A Method to
Compensate Multicenter Effects Affecting CT Radiomics, Radiology 291 (2019)
53-59.

M. Hatt, C.C. Le Rest, F. Tixier, B. Badic, U. Schick, D. Visvikis, Radiomics: Data
Are Also Images, J. Nucl. Med. 60 (2019) 38S-44S.

M. Kirienko, M. Sollini, G. Silvestri, S. Mognetti, E. Voulaz, L. Antunovic, A. Rossi,
L. Antiga, A. Chiti, Convolutional Neural Networks Promising in Lung Cancer T-
Parameter Assessment on Baseline FDG-PET/CT, Contrast Media Mol. Imaging.
2018 (2018) 1382309.

A. Bizzego, N. Bussola, D. Salvalai, M. Chierici, V. Maggio, G. Jurman,

C. Furlanello, Integrating deep and radiomics features in cancer bioimaging, in,
IEEE Conference on Computational Intelligence in Bioinformatics and
Computational Biology (CIBCB) 2019 (2019) 1-8.

B. Zhu, J.Z. Liu, S.F. Cauley, B.R. Rosen, M.S. Rosen, Image reconstruction by
domain-transform manifold learning, Nature 555 (2018) 487-492.

V. Antun, F. Renna, C. Poon, B. Adcock, A.C. Hansen, On instabilities of deep
learning in image reconstruction and the potential costs of Al, Proc. Natl. Acad.
Sci. U. S. A. (2020), https://doi.org/10.1073/pnas.1907377117.

J.R. Zech, J.Z. Forde, M.L. Littman, Individual predictions matter: Assessing the
effect of data ordering in training fine-tuned CNNs for medical imaging, arXiv [cs.
CV]. (2019).

J. Wu, X.-Y. Chen, H. Zhang, L.-D. Xiong, H. Lei, S.-H. Deng, Hyperparameter
Optimization for Machine Learning Models Based on Bayesian Optimizationb,
Dianzi Keji Daxue Xuebao. 17 (2019) 26-40.

Y. Xiao, J. Wu, Z. Lin, X. Zhao, A deep learning-based multi-model ensemble
method for cancer prediction, Comput. Methods Programs Biomed. 153 (2018)
1-9.

O. Ronneberger, P. Fischer, T. Brox, U-Net: Convolutional Networks for
Biomedical Image Segmentation, arXiv [cs.CV]. (2015).

Z.Li, F. Zhou, F. Chen, H. Li, Meta-SGD,, Learning to Learn Quickly for Few-Shot
Learning, arXiv [cs.LG]. (2017).

R. Zhang, T. Che, Z. Ghahramani, Y. Bengio, Y. Song, MetaGAN: An Adversarial
Approach to Few-Shot Learning, in: S. Bengio, H. Wallach, H. Larochelle,

K. Grauman, N. Cesa-Bianchi, R. Garnett (Eds.), Advances in Neural Information
Processing Systems 31, Curran Associates Inc, 2018, pp. 2365-2374.

J. Snell, K. Swersky, R. Zemel, Prototypical Networks for Few-shot Learning, in:
1. Guyon, U.V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan,

R. Garnett (Eds.), Advances in Neural Information Processing Systems 30, Curran
Associates Inc, 2017, pp. 4077-4087.


https://doi.org/10.1109/nss/mic42101.2019.9059660
https://doi.org/10.1109/nss/mic42101.2019.9059660
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0745
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0745
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0745
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0745
https://doi.org/10.3390/s19102361
https://doi.org/10.1088/1361-6560/aba5e9
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0765
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0765
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0765
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0765
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0770
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0770
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0770
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0775
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0775
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0775
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0775
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0775
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0775
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0780
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0780
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0780
https://doi.org/10.1007/s00259-020-04839-2
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0790
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0790
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0795
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0795
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0795
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0795
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0800
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0800
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0800
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0800
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0805
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0805
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0805
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0805
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0805
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0810
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0810
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0810
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0810
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0815
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0815
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0815
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0820
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0820
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0820
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0825
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0825
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0825
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0825
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0825
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0825
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0830
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0830
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0830
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0835
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0835
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0835
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0835
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0840
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0840
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0840
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0840
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0845
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0845
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0845
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0845
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0845
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0845
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0850
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0850
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0850
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0850
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0850
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0855
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0855
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0855
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0855
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0865
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0865
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0865
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0875
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0875
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0875
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0875
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0880
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0880
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0880
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0880
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0885
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0885
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0885
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0890
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0890
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0890
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0895
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0900
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0900
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0900
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0905
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0905
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0910
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0910
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0910
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0910
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0915
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0915
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0915
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0915
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0920
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0920
https://doi.org/10.1073/pnas.1907377117
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0930
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0930
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0930
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0935
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0935
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0935
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0940
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0940
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0940
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0945
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0945
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0950
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0950
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0955
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0955
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0955
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0955
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0960
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0960
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0960
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0960

L.K. Shiyam Sundar et al.

[193]
[194]
[195]

[196]

[197]

[198]

[199]
[200]
[201]
[202]
[203]

[204]

[205]

[206]

[207]

[208]

[209]

[210]

A. Santoro, S. Bartunov, M. Botvinick, D. Wierstra, T. Lillicrap, One-shot Learning
with Memory-Augmented Neural Networks, arXiv [cs.LG]. (2016).

A. Shaban, S. Bansal, Z. Liu, L. Essa, B. Boots, One-Shot Learning for Semantic
Segmentation, arXiv [cs.CV]. (2017).

F.-F. Li, R. Fergus, P. Perona, One-shot learning of object categories, IEEE Trans.
Pattern Anal. Mach. Intell. 28 (2006) 594-611.

B. Lake, R. Salakhutdinov, J. Gross, J. Tenenbaum, One shot learning of simple
visual concepts, in. Proceedings of the Annual Meeting of the Cognitive Science
Society, 2011.

O. Vinyals, C. Blundell, T. Lillicrap, K. Kavukcuoglu, D. Wierstra, Matching
Networks for One Shot Learning, in: D.D. Lee, M. Sugiyama, U.V. Luxburg,

I. Guyon, R. Garnett (Eds.), Advances in Neural Information Processing Systems
29, Curran Associates Inc, 2016, pp. 3630-3638.

A.R. Feyjie, R. Azad, M. Pedersoli, C. Kauffman, I. Ben Ayed, J. Dolz, Semi-
supervised few-shot learning for medical image segmentation, arXiv [cs.CV].
(2020).

T. Fechter D. Baltas One Shot Learning for Deformable Medical Image
Registration and Periodic Motion Tracking 2019 arXiv [cs.CV].

O. Pfungst, C. Hans, A contribution to experimental animal and human
psychology, Clever Hans (the Horse of Mr, Von Osten) (1965).

W. Samek K.-R. Miiller 2019 10.1007/978-3-030-28954-6_1.

S. Lapuschkin, S. Waldchen, A. Binder, G. Montavon, W. Samek, K.-R. Miiller,
Unmasking Clever Hans predictors and assessing what machines really learn, Nat.
Commun. 10 (2019) 1096.

S. Lapuschkin, Opening the Machine Learning Black Box with Layer-wise
Relevance Propagation, Technische Universitat Berlin (2019).

S. Lapuschkin, A. Binder, G. Montavon, K.-R. Muller, W. Samek, Analyzing
classifiers: Fisher vectors and deep neural networks, in, in: Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2016,

pp. 2912-2920.

G. Montavon, W. Samek, K.-R. Miiller, Methods for interpreting and
understanding deep neural networks, Digit. Signal Process. 73 (2018) 1-15.

P. Schramowski, W. Stammer, S. Teso, A. Brugger, F. Herbert, X. Shao, H.-

G. Luigs, A.-K. Mahlein, K. Kersting, Making deep neural networks right for the
right scientific reasons by interacting with their explanations, Nature Machine
Intelligence. 2 (2020) 476-486.

J. Mao C. Gan P. Kohli J.B. Tenenbaum J. Wu The Neuro-Symbolic Concept
Learner: Interpreting Scenes, 0 2019.

K. Yi, J. Wu, C. Gan, A. Torralba, P. Kohli, J.B. Tenenbaum, Neural-Symbolic
VQA: Disentangling Reasoning from Vision and Language Understanding, arXiv
[cs.AIl. (2018).

M. Abadi, P. Barham, J. Chen, Z. Chen, A. Davis, J. Dean, M. Devin, S. Ghemawat,
G. Irving, M. Isard, M. Kudlur, J. Levenberg, R. Monga, S. Moore, D.G. Murray, B.
Steiner, P. Tucker, V. Vasudevan, P. Warden, M. Wicke, Y. Yu, X. Zheng,
TensorFlow: A system for large-scale machine learning, (2016). https://research.
google/pubs/pub45381/ (accessed August 11, 2020).

A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan, T. Killeen, Z. Lin,
N. Gimelshein, L. Antiga, A. Desmaison, A. Kopf, E. Yang, Z. DeVito, M. Raison, A.
Tejani, S. Chilamkurthy, B. Steiner, L. Fang, J. Bai, S. Chintala, PyTorch: An
Imperative Style, High-Performance Deep Learning Library, in: H. Wallach, H.
Larochelle, A. Beygelzimer, F. d\textquotesingle Alché-Buc, E. Fox, R. Garnett

16

[211]

[212]

[213]

[214]

[215]

[216]

[217]
[218]
[219]
[220]

[221]

Methods xxx (xxxx) xxXx

(Eds.), Advances in Neural Information Processing Systems 32, Curran Associates,
Inc., 2019: pp. 8026-8037.

Y. Jia, E. Shelhamer, J. Donahue, S. Karayev, J. Long, R. Girshick, S. Guadarrama,
T. Darrell, Caffe: Convolutional Architecture for Fast Feature Embedding, arXiv
[cs.CV]. (2014).

The Theano Development Team, R. Al-Rfou, G. Alain, A. Almahairi,

C. Angermueller, D. Bahdanau, N. Ballas, F. Bastien, J. Bayer, A. Belikov,

A. Belopolsky, Y. Bengio, A. Bergeron, J. Bergstra, V. Bisson, J.B. Snyder,

N. Bouchard, N. Boulanger-Lewandowski, X. Bouthillier, A. de Brébisson,

O. Breuleux, P.-L. Carrier, K. Cho, J. Chorowski, P. Christiano, T. Cooijmans, M.-
A. Coté, M. Coté, A. Courville, Y.N. Dauphin, O. Delalleau, J. Demouth,

G. Desjardins, S. Dieleman, L. Dinh, M. Ducoffe, V. Dumoulin, S.E. Kahou,

D. Erhan, Z. Fan, O. Firat, M. Germain, X. Glorot, I. Goodfellow, M. Graham,

C. Gulcehre, P. Hamel, I. Harlouchet, J.-P. Heng, B. Hidasi, S. Honari, A. Jain,
S. Jean, K. Jia, M. Korobov, V. Kulkarni, A. Lamb, P. Lamblin, E. Larsen,

C. Laurent, S. Lee, S. Lefrancois, S. Lemieux, N. Léonard, Z. Lin, J.A. Livezey,
C. Lorenz, J. Lowin, Q. Ma, P.-A. Manzagol, O. Mastropietro, R.T. McGibbon,

R. Memisevic, B. van Merriénboer, V. Michalski, M. Mirza, A. Orlandi, C. Pal,
R. Pascanu, M. Pezeshki, C. Raffel, D. Renshaw, M. Rocklin, A. Romero, M. Roth,
P. Sadowski, J. Salvatier, F. Savard, J. Schliiter, J. Schulman, G. Schwartz, 1.

V. Serban, D. Serdyuk, S. Shabanian, E. Simon, S. Spieckermann, S. Ramana
Subramanyam, J. Sygnowski, J. Tanguay, G. van Tulder, J. Turian, S. Urban,

P. Vincent, F. Visin, H. de Vries, D. Warde-Farley, D.J. Webb, M. Willson, K. Xu,
L. Xue, L. Yao, S. Zhang, Y. Zhang, Theano: A Python framework for fast
computation of mathematical expressions, arXiv [cs.SC] (2016).

E. Gibson, W. Li, C. Sudre, L. Fidon, D.I. Shakir, G. Wang, Z. Eaton-Rosen, R. Gray,
T. Doel, Y. Hu, T. Whyntie, P. Nachev, M. Modat, D.C. Barratt, S. Ourselin, M.
J. Cardoso, T. Vercauteren, NiftyNet: a deep-learning platform for medical
imaging, Comput. Methods Programs Biomed. 158 (2018) 113-122.

N. Pawlowski S.I. Ktena M.C.H. Lee B. Kainz D. Rueckert B. Glocker M. Rajchl
DLTK, State of the Art Reference Implementations for Deep Learning on Medical
Images 2017 arXiv [cs.CV].

T. Kluyver, B. Ragan-Kelley, F. Pérez, B.E. Granger, M. Bussonnier, J. Frederic,
K. Kelley, J.B. Hamrick, J. Grout, S. Corlay, Others,, Jupyter Notebooks-a
publishing format for reproducible computational workflows, ELPUB (2016)
87-90.

B.M. Randles, 1.V. Pasquetto, M.S. Golshan, C.L. Borgman, Using the Jupyter
Notebook as a Tool for Open Science: An Empirical Study, in, ACM/IEEE Joint
Conference on Digital Libraries (JCDL) 2017 (2017) 1-2.

W. Schroeder, L. Ng, J. Cates, The ITK software guide (2003).

H. Brendan McMahan, E. Moore, D. Ramage, S. Hampson, B.A. y. Arcas,,
Communication-Efficient Learning of Deep Networks from Decentralized Data,
arXiv [cs.LG]. (2016).

I. Buvat, F. Orlhac, The Dark Side of Radiomics: On the Paramount Importance of
Publishing Negative Results, J. Nucl. Med. 60 (2019) 1543-1544.

Deep Learning with PyTorch, (n.d.). https://pytorch.org/assets/deep-learning/
Deep-Learning-with-PyTorch.pdf.

A. Barredo Arrieta, N. Diaz-Rodriguez, J. Del Ser, A. Bennetot, S. Tabik,

A. Barbado, S. Garcia, S. Gil-Lopez, D. Molina, R. Benjamins, R. Chatila,

F. Herrera, Explainable Artificial Intelligence (XAI): Concepts, taxonomies,
opportunities and challenges toward responsible Al, Inf. Fusion. 58 (2020)
82-115.


http://refhub.elsevier.com/S1046-2023(20)30218-8/h0965
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0965
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0970
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0970
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0975
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0975
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0980
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0980
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0980
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0985
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0985
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0985
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0985
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0990
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0990
http://refhub.elsevier.com/S1046-2023(20)30218-8/h0990
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1000
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1000
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1010
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1010
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1010
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1015
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1015
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1020
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1020
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1020
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1020
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1025
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1025
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1030
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1040
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1040
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1040
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1055
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1055
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1055
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1060
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1065
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1065
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1065
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1065
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1075
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1075
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1075
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1075
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1080
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1080
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1080
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1085
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1090
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1090
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1090
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1095
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1095
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1105
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1105
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1105
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1105
http://refhub.elsevier.com/S1046-2023(20)30218-8/h1105

	Potentials and caveats of AI in hybrid imaging
	1 The advent of hybrid imaging
	2 The promise of artificial intelligence
	3 Role of AI in data acquisition
	3.1 AI-driven image reconstruction
	3.1.1 AI and low-dose hybrid imaging
	3.1.2 Enabling high-throughput imaging through AI

	3.2 Improving quantification of hybrid images using AI
	3.2.1 AI-driven attenuation correction of SPECT and PET
	3.2.2 AI driven scatter correction


	4 Role of AI in hybrid image-processing
	4.1 AI facilitated segmentation of hybrid images
	4.2 AI-based metal artifact removal
	4.3 Miscellaneous AI-driven image-processing applications

	5 AI driven image-mining
	6 AI and hybrid imaging: A critical perspective
	7 Roadmap for fostering AI in hybrid imaging
	Declaration of Competing Interest
	References


