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ABSTRACT

This short review aims at providing the readers with an update on the current status, as well as
future perspectives in the quickly evolving field of radiomics applied to the field of PET/CT imaging.
Numerous pitfalls have been identified in study design, data acquisition, segmentation, features
calculation and modeling by the radiomics community, and these are often the same issues across all
image modalities and clinical applications, however some of these are specific to PET/CT (and
SPECT/CT) imaging and therefore the present paper focuses on those. In most cases,
recommendations and potential methodological solutions do exist and should therefore be followed
to improve the overall quality and reproducibility of published studies. In terms of future evolutions,
the techniques from the larger field of artificial intelligence (Al), including those relying on deep
neural networks (also known as deep learning) have already shown impressive potential to provide
solutions, especially in terms of automation, but also to maybe fully replace the tools the radiomics
community has been using until now in order to build the usual radiomics workflow. Some important
challenges remain to be addressed before the full impact of Al may be realized but overall the field
has made striking advances over the last few years and it is expected advances will continue at a
rapid pace.



Introduction

Nuclear medicine imaging has been relying on positron emission tomography / computed
tomography (PET/CT) combined scanners for 20 years [1]. Hardware and software innovations have
allowed improved spatial resolution and signal-to-noise ratio of quantitative PET images, thanks to
reconstruction algorithms able to integrate information regarding the specific point-spread-function
and time-of-flight characteristics of the scanner [2,3]. Despite these hardware and algorithmic
achievements, PET/CT images have been and still are mostly exploited visually in routine clinical
practice, and using only simple standard metrics (such as SUVmax or SUVeak, the maximum intensity
voxel and the aggregate of several high intensity voxels, respectively) in clinical trials and publications
[4]. The use of SUV maximum intensity has shown diagnostic and staging capabilities in several
clinical settings, although thresholds and actual recommended values vary greatly across studies and
meta-analyses. However, its limited discriminative power in baseline prognosis [5] or therapy
response evaluation and prediction [6] has also been highlighted. This prompted various
developments during the early 2000’s, aiming at extracting more complete information from PET and
SPECT images, with the hope that more complete characterization of lesions beyond simplistic
measurements such as SUVma, could provide more accurate and reliable information regarding
diagnosis and prognosis for personalized patient management. Since the early 2010’s, this field has
been denoted “radiomics”. Radiomics can be described as the extraction of numerous (“high-
throughput”) quantitative metrics (handcrafted and/or more recently obtained from pre-trained
deep networks) from medical images, exploited to build decision-support models (e.g., diagnosis or
prognosis). The standard workflow of radiomics consists of i) study design, ii) collection and curation
of images and associated contextual data, iii) identification and delineation of objects of interest
(e.g., organs, tumors), iv) extraction of features (intensity, shape, textural, “deep”) and v) modeling
(i.e., train and validate multiparametric models for a specific endpoint).

The goal of this short review is to provide an update on the current status and future perspectives of
radiomics in PET/CT with a particular focus in the emerging role of artificial intelligence [7,8].

A short history of radiomics use in nuclear medicine imaging

Although the “radiomics” term was initially coined within the context of radiotherapy applications
and computed tomography (CT) imaging relied upon for treatment planning in 2012 [9,10], similar
studies had been carried out in PET as soon as the early 2000’s, investigating the potential value of
handcrafted features extracted from PET images [11-13]. One of the first studies developed a
handcrafted metric to quantify heterogeneity in the FDG uptake and applied it to PET images of
sarcoma patients, showing improved prognostic value of the heterogeneity metric compared to
SUVmax [12]. A later study investigated the use of shape, intensity and textural features (most of what
constitutes today the cornerstone of radiomic features) in PET images to predict outcome as a proof
of concept in a very small number of patients [11]. In 2010, another study investigated the impact of
changes in acquisition protocols and reconstruction settings on the derived intensity and textural
features [13]. In 2011, a study evaluated the value of some textural features calculated from FDG PET
images to predict response to therapy in esophageal cancer patients [14]. And in 2012, the
reproducibility of these heterogeneity metrics was evaluated in test-retest PET images [15]. When
the term “radiomics” began to be adopted by a growing community after 2012 and the paper by
Lambin et al, publications applying that concept in nuclear medicine images started to use that
keyword as well. Since then, the number of studies applying the radiomics concept to PET or SPECT
images and using that denomination has been steadily increasing. By the middle of the year 2020,
>1100 publications (excluding letters, editorials, abstracts and meetings) using the term “radiomics”
can be found in the web of science databases. Only 16% of them use also the terms PET or PET/CT,



and only a few SPECT/CT (e.g., [16]). Today, publications regarding the use of radiomics in PET/CT are
numerous and examples can be found for most of the usual cancer types (i.e., lung, breast, brain,
head and neck, rectum, etc.). In majority most of the works in PET/CT have been largely concentrated
on ¥FDG imaging, albeit a few exceptions [17]. However, these studies share most of the pitfalls and
limitations observed for radiomics studies in general: small, retrospective and monocentric cohorts,
in certain cases flaws in statistical analysis, and limited reproducibility/external validation of the
findings. The quality and reliability of most studies has been moderate at best [18], which prevented
a quick translation to the clinical practice, despite some promising results. Over the last few years
however, a positive trend can be observed, with studies showing increasing levels of quality,
reliability and reproducibility, on larger cohorts, with more robust statistical analysis and modeling
strategies relying on machine learning techniques and rules, including the use of external validation,
hence a more convincing level of evidence. This evolution was encouraged and supported by a
number of publications and recommendation initiatives aiming at the improvement of practices,
standardization and reproducibility [19-26]. In parallel to these improvements, the radiomics
community has also started relying on deep learning (DL) [8, 27—-30], which constitutes one of the
main perspectives in the field to solve some of the issues and limitations of the current radiomics
workflow as described in the introduction, such as for instance an improved automation of the whole
process. However, the use of DL methods in radiomics obviously also requires solving new issues and
faces numerous challenges, like the high dependency on large datasets and the limited
interpretability of the resulting networks.

Main pitfalls and limitations of current PET/CT radiomics studies
1. Poor study design and data collection

A specific example is to start a radiomic study relying on PET/CT images without having datasets of
sufficient size and of different sources in order to satisfy the training/validation/testing requirements
[31]. Most of the published studies to date have been monocentric (unlikely to be generalizable to
other sites), retrospective (selection bias), on cohorts with size between 50 and 100 patients (risks of
overfitting for training models, difficult to rigorously cross-validate). Irrespectively of the quality of
the rest of the analysis, such characteristics of a study constitute a strong limitation that is almost
impossible to overcome in order to provide convincing results with a high level of confidence. The
resulting trained/cross-validated models are unlikely to be well validated in future external data.

Images are collected retrospectively and/or acquired prospectively for the purpose of carrying out
radiomic analyses. If PET images are retrospectively collected, the associated raw data are usually not
available and therefore the reconstructed images have to be exploited as they are, although they can
be processed to be improved to a certain extent, for denoising or partial volume effects correction
purposes. On the contrary, if images are acquired prospectively, it is recommended that raw data are
stored for research purposes, such as exploring alternative image reconstruction settings that may be
beneficial for radiomics analyses [32].

Another issue is related to the collection of additional contextual data from clinical records, for which
curation quality checks are crucial. These data are usually extracted by investigators in the medical
records and entered in specific research databases in an entirely manual way, which is obviously
prone to errors such as duplicates, missing data or falsely attributed labels. These can be very
difficult to detect and identify later in the process, which is why designing robust data infrastructures
is one of the needs to address in the future [23]. In addition, it will be appropriate to develop
methodologies that can handle such heterogeneous in terms of completeness datasets.

2. Insufficient reporting



Most of published studies do not provide sufficient details to allow for reproduction of their findings
in similar datasets. Current recommendations are quite exhaustive regarding the exact details that
should be reported fully and in supplemental materials of publications, and the field has clearly made
some progress in that regard over the last few years [19,33]. However, actual data sharing is also
very rare in the field, which in practice prevents re-analysis of the exact same dataset for further
replication, as well as external validation of the developed signatures and models. Finally, as in other
fields, there exists a bias to publish and report more easily positive results than negative ones [34]. In
the future, authors need to avoid self-censorship and willingly report negative results or radiomic
failures and editors and reviewers need to consider favorably such studies for publication if the
methodology is sound and the results support the conclusions.

3. Lack of standards

The calculation of most radiomic features involves several steps. A number of different pre-
processing choices have to be made, especially for textural features. Their implementation is thus
prone to errors but also to very different outputs despite relying on the exact same definition and
formulae.

Fortunately, this has much improved over the last few years thanks to the Imaging Biomarkers
Standardization Initiative (IBSI) [20], carried out by more than 20 research groups from 8 different
countries. The IBSI has established standardized definitions and nomenclature of 172 handcrafted
features usually considered, as well as a standard nomenclature for the full radiomics pipeline and
each step of pre- and post-processing leading to features extraction. The IBSI also established
recommendations specifically for the various important steps and details such as pixel/voxel
interpolation, intensity discretization and texture matrices design. Finally, a benchmark of radiomic
features values on both synthetic digital phantom and real clinical images for each radiomic feature
calculated in different possible configurations is now available. Most of the IBSI recommendations,
guidelines and results (reference document updated 03/2020 available online!) are directly
applicable to PET radiomics. For instance, it is highly recommended to check the IBSI compliance of
homemade or commercial/open-source libraries and software before considering using them in an
analysis, as this will greatly improve the reproducibility of the findings.

4. Segmentation

Another area in the current radiomics process, where the lack of full automation and a clear standard
is especially hindering the widespread reproducibility and acceptability of radiomics in PET, is the
need for detection and delineation of objects of interest such as tumors before features can be
extracted. Indeed, even if an otherwise perfectly standardized workflow of radiomic feature
extraction is established, the use of different volumes of interest resulting from the use of different
segmentation methods will prevent the results to be perfectly reproduced. The impact of the
variations in segmentation has been investigated for PET radiomics and can be significant in terms of
the resulting value of extracted features. The task of automated delineation of volumes of interest
has been the focus of numerous methodological developments since the end of the 90’s, first
focusing on very basic thresholding approaches, until the recently applied convolutional neural
networks (CNN) based on U-Net architecture [35]. The task is even more complex when multiple
lesions need to be analyzed, and until recently, most semi-automated or fully automated techniques
assumed the lesion to segment had been isolated in a volume of interest first, which obviously relies

L https://ibsi.readthedocs.io/en/latest/



most of the time on user intervention, hence a lack of full automation to process large cohorts for a
radiomic analysis. This makes the segmentation step the most time-consuming bottleneck of the
radiomic workflow in most PET radiomic studies. Current recommendations are to rely on
(semi)automated methods as much as possible, avoid basic fixed thresholding [35-36], and
potentially consider a consensus of several techniques [37] or methods identifying the most
appropriate algorithm for a given image [38]. The current state of the art methods for achieving fully
automated PET image segmentation are based on deep neural networks [36, 39-40], which have
been very successful in medical image segmentation tasks [41-42]. As the learning process relies on
pixels/voxels or patches, the amount of data necessary for learning is relatively small for an efficient
training. DL-based methods integrating objects of interest detection and segmentation [43] may
facilitate the full automation of this step of the radiomics pipeline, allowing for radiomic analyses of
hundreds or thousands of patients datasets in a more convenient and less time-consuming fashion.

5. Multicenter harmonization

One of the most important limitations of PET radiomics studies has been the use of small,
monocentric cohorts, thus leading to a low level of evidence, with developed models or signatures
almost never being evaluated in external datasets [44]. In order to train more generalizable models
and increase the statistical relevance of findings, the use of much larger (i.e., several hundreds)
cohorts of patients is warranted [22,45]. This however raises a number of challenges, including data
sharing legal, ethical, administrative and technical issues. Sharing and analyzing large multicentric
cohorts of patients is clearly not today’s reality of radiomic studies. However, even if this is solved,
thanks for example to distributed learning [46], which provides a way to train the models in each
institution without the need to actually move the data out of each center, an additional issue is
hampering such analyses. Indeed, radiomic features are notoriously sensitive to variations in scanner
model and manufacturer, acquisition protocols and reconstruction settings [13,47]. It is thus ill-
advised to pool features from patients with images having different characteristics, since the biases
and shifts in features values and distributions could either mask true correlation with outcome or
create false positive relationships in the statistical analysis [48]. A number of possible methodological
approaches have been devised recently to address this problem. First, it can be mitigated to some
extent by improving standardization of acquisition and reconstruction protocols settings in case of
prospective multi-center data collection, as well developed guidelines exist for PET/CT imaging
[49,50]. This however is only feasible for prospectively acquired data, whereas most radiomic studies
are still performed by collecting existing data retrospectively, where it is not possible to modify the
acquisition and reconstruction settings anymore. In addition, the standardization guidelines focus on
SUV standardization, which is insufficient to address all image characteristic changes that have
significant impact on some radiomic features [51,52]. Other pre-processing steps, such as
interpolation to a common voxel size and/or filtering methods, could help in reducing the differences
across images. Such an approach however could also introduce artifacts or reduce the quality of the
guantitative information contained in the images.

Selection of features sufficiently robust or even completely insensitive to the variability of scanner,
acquisition and/or reconstruction settings, can obviously help building robust models. Most
investigations on that issue in PET imaging have shown that reliability of features (either robustness
or repeatability and test-retest reliability) [13,15,53-55] is very much variable among features, as
well as within each category of features. It can therefore be challenging to identify a threshold
characterizing features robust enough to be kept for further analysis. Another drawback is that
numerous potentially informative features are removed before being evaluated, which leads to an
important loss of extracted information. The most recently proposed and evaluated method is to



perform the harmonization in the feature space, using statistical normalization and analysis
techniques. A recent review provides an overview of the methods that have been proposed to
achieve this, and the subset that found their way to radiomics applications [56]. One of the promising
methods is ComBat, which was initially developed to correct for batch effects in genomics studies
[57] and was shown to be efficient with small sample sizes and to outperform similar methods [58].
ComBat was applied in PET radiomics, showing improvement in the resulting external validation of
the developed models [59-60]. There are several advantages in the use of ComBat. It is much easier
than processing images and it is very fast to apply. It allows relying on the entire feature space that
was extracted, thus no loss of information. Recently, an improved version of ComBat relying on the
addition of bootstraping in the estimation step was shown to slightly but consistently improve the
external validation performance of predictive models [61]. One important limitation of ComBat is
that at least a sample of each of the different center datasets need to be available and labeled. Also,
it cannot be easily applied on an individual patient basis or directly to new, previously unseen data.
Other approaches including re-scaling and normalization have been recently evaluated with
interesting results to improve multi-center modeling [62-63]. Although some of these recent
developments were applied to CT or MRI imaging, their results are directly transferable to PET
imaging.

Emerging DL based techniques could provide a robust solution allowing to work in the image space
rather than in the radiomics space; hence harmonising images rather than radiomics features.
Potential advantages include the possibility to automate the whole radiomics process from images to
modeling as well as facilitating model usage for single patients rather than patient cohorts which are
necessary with the current harmonization techniques in the radiomics space. Methods based on
generative adversarial networks (GAN) could help in generating images with appropriate properties
while preserving the clinically-relevant information they contain. A recent study showed in CT that it
was possible to generate images through DL from a given kernel to another, which eliminated most
of the bias in the resulting extracted radiomic features [64]. Such an approach could easily be
translated to PET.

6. Volume and other metrics confounding issues

As radiomic features include usual PET measurements (i.e., functional metabolic volume corresponds
to the geometrical volume feature, SUVmean Or SUVmax correspond to mean and max intensities
respectively, etc.), it is especially crucial to check redundancy and complementary value of any
additional feature that is investigated. It is indeed useless to calculate a complex new feature
designed to quantify uptake heterogeneity or tumor shape if this feature ends up being very highly
correlated with volume or SUVmax [53], as it will therefore provide little to no additional value.

This has been an especially pervasive issue for metabolic tumor volume in PET/CT radiomics studies,
(mostly those published before 2015). Because all features are derived from an already determined
volume of interest and most texture definitions are dependent on the number of voxels involved in
the calculation, numerous textural features were found to be highly correlated with volume.
Similarly, most of shape descriptors are naturally dependent on volume (e.g., maximum diameter
and asphericity are proportional to tumor volume, larger tumors exhibiting less spherical shapes and
obviously larger diameters). Overall, it was shown that most choices in the calculation of features,
including the discretization method or matrix design had a strong impact on feature values, statistical
distributions and correlation with other metrics [45,54,55,65,66]. For instance, it was suggested that
alternative intensity discretization schemes such as fixed bin width instead of the at the time mostly
used fixed bin number, led to textural features with lower redundancy with the corresponding
volume [67]. However, it was also shown that features then became more correlated with maximum



intensity [45,67]. It was also claimed that no such added value could be obtained for volumes below
45cm? [68], which was indeed the case of some previous PET radiomic studies, where the identified
textural features were actually surrogates of tumor volumes [53]. However this analysis was based
on a single textural feature, calculated with very specific formulation choices and it was later shown
alternative implementations could significantly improve the complementary value provided by the
same feature and others demonstrating complementary value between tumor functional volume and
texture analysis in a wide range of cancer models for tumor volumes >10cm?® [55]. Clearly, the
challenge is being able to estimate this threshold below which a metric can be expected to provide
complementary value to the corresponding volume or is simply too redundant to provide additional
information. This is why it is recommended to always include multivariate analysis (i.e., take into
account redundancy and intercorrelation of extracted features), as well as to systematically compare
the performance of any proposed radiomic-based model to “clinical only” and “volume and/or SUV
only” models. Note that similar warnings were published recently regarding the CT-derived radiomics
signature previously identified by Aerts et al. [23,69].

7. New features and modeling

Given the very large spectrum of calculation choices, parameters and methods to derive a value for a
single textural parameter, it can be possible to have dozens of different values. This can be
considered as optimizing textural analysis [32,66]. Indeed, it may be necessary to rely on different
parameters to optimize the resulting discriminative power of each radiomic feature regarding a
specific endpoint. It may therefore be beneficial to extract features with a large range of possible
pre-processing choices, intensity discretization methods and settings, or even textural matrices
designs and merging strategies. However on the other hand, such an approach has the drawback of
artificially inflating the size of a dataset, hence requiring a very robust and reliable feature selection
and machine learning pipeline in order to handle the very large resulting set of variables. Beyond the
usual set of imagie derived features used in most radiomic studies and that have been standardized
by the IBSI, some studies have also proposed alternative and new handcrafted features. These may
have higher discriminant power or improved properties. CoLIAGe (Co-occurrence of Local Anisotropic
Gradient Orientations) [70], metabolic gradient [71] or 3-D Riesz-covariance textures [72] are recent
examples that were shown to have higher differentiation power compared to the usual textural
features. Specifically for PET, a novel metric was designed as an alternative to textures with the goal
of quantifying PET heterogeneity by yielding increased values for tumors with peripheral sub-regions
of high SUV [73]. Similarly, a new GLCM methodology was recently proposed to reduce redundancy
amongst calculated features and was shown to allow for higher accuracy in classifiying tumor types in
CT [74]. Obviously, DL techniques have also provided numerous “new” features, such as those
extracted by medical images using deep networks pre-trained on other datasets to extract “rough” to
“fine” features at different scales through different layers [75]. These known as “deep features” can
be exploited directly as well as combined with other handcrafted radiomic features to build better
models [76—80].

The last step of the whole radiomic workflow consists in building models (diagnostic, predictive,
prognostic) for a given clinical endpoint or task, by relying on the set of features that has been
extracted from the images, combined with other available data such as clinical information or
histopathological and other —omics variables. This type of studies represent the weakest part of the
literature in PET radiomics studies until recently, with mostly inappropriate statistical analysis prone
to overfitting, false positives and overoptimistic claims, because of the lack of appropriate
multivariate analysis, lack of corrections for false discovery, small sample sizes (most studies with less
than 150 patients [60]) and lack of external validation [33,45,81]. However, a proper methodology



relying on splitting the data into training, validation and testing datasets, the use of cross validation
and proper metrics for optimizing hyperparameters and evaluating the models, and handling the
imbalance in the data, may not be sufficient to alleviate all risks. Indeed, even the choice of the
feature selection and classifier can lead to significantly different resulting performance, as the most
recent comparison papers have highlighted [82—84]. This suggests that implementing several
different techniques and relying on their consensus could improve the prediction performance [85].
Finally, DL techniques, again may provide alternative solutions to the usual modeling step in the
radiomics workflow [86-89]. For instance, deep neural networks can achieve feature selection and
classification, but it can also be envisioned that one or several neural networks can replace in the
future parts or all of the radiomics workflow [7].

Perspectives of PET radiomics

As an overall conclusion one can easily state that the field of PET radiomics has gained a lot in terms
of maturity over the last decade. Such improvements concern the use of: i) larger cohorts of patients,
ii) proper machine learning and even deep learning methods to facilitate, automate the workflow
and make modeling more robust and reliable, iii) more rigorous segmentation of regions of interest,
iv) standardized features definition, nomenclature and reporting for improved reproducibility, v)
validation of models in external datasets. However, the field has not yet been able to deliver the
level of proof that is necessary for the clinical community to fully adopt the approach [18,90]. The
community of radiomics, especially in the field of PET/CT imaging, needs to further strengthen its
efforts to provide such convincing evidence as well as established benchmarks and standards for
user-friendly software and guidelines. This includes the expansion and finalization of the
standardization (e.g., the version 2 of the IBSI focusing on filter-based features currently ongoing),
the development of tools and methods to facilitate the collection, storage and sharing of multicenter
data, increasing the level of automation of the whole workflow and identify the appropriate steps for
integrating DL methods in the radiomics workflow. Regarding the required level of evidence, the time
seems right to carry out larger, multicentric and prospective studies. Finally, the requirement for
explainable / interpretable models is crucial for radiomics, as multiparametric radiomic models
derived by DL approaches based on complex features may be difficult for clinicians to interpret and
therefore to trust [91-92]. Although this is already challenging for standard current state of the art
radiomics, it will become even more of an issue when relying on deep neural networks, as these
contain millions of parameters to optimize and can therefore be seen purely as “black boxes”
impervious to human understanding. Methods for providing visual feedback through activation /
saliency maps and network visualization techniques [93-95] will be of paramount importance to
allow DL-based radiomic models being interpretable for end users and hence hopefully be accepted
by clinicians in routine practice.

Conclusion

Radiomics have been extensively investigated in PET/CT imaging. A few seminal studies in the field
predate the actual coinage of the “radiomics” denomination in the literature. It is a very active and
promising field of research, however the quality and reliability of published studies until recently can
be questioned. There is however and fortunately a clear trend towards improvement, as the
radiomics community has become very much aware of these issues. Regarding the perspectives,
there are two different aspects that are likely to evolve quite rapidly in the near future. First, larger,
multicentric (possibly prospective) studies may become the norm (instead of the exception today) of
radiomic analyses, as data availability and sharing improves and methods for efficient harmonization
become more readily available. Second, relying on deep learning techniques to automate and
improve the process (e.g., detection/segmentation) and alleviate current limitations of the current



radiomics workflow (e.g., more straightforward feature extraction and selection) should help in
developing efficient decision support systems. This however will require specific developments to
help training networks with relatively small amounts of data and to “open the black box” in order to
provide interpretable models that end users can trust and will be willing to rely upon in clinical
practice.
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