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ARTICLE INFO ABSTRACT
Keywords: Purpose: To perform a systematic review on the research on the application of artificial intelligence (AI) to
Machine learning imaging published in Italy and identify its fields of application, methods and results.

Deep learning

Materials and Methods: A Pubmed search was conducted using terms Artificial Intelligence, Machine Learning,
Artificial intelligence

Deep learning, imaging, and Italy as affiliation, excluding reviews and papers outside time interval 2015-2020.

Imagi
;;Zgg;r:ngics In a second phase, participants of the working group AI4MP on Artificial Intelligence of the Italian Association of
Radiotherapy Physics in Medicine (AIFM) searched for papers on Al in imaging.

Results: The Pubmed search produced 794 results. 168 studies were selected, of which 122 were from Pubmed
search and 46 from the working group. The most used imaging modality was MRI (44%) followed by CT(12%) ad
radiography/mammography (11%). The most common clinical indication were neurological diseases (29%) and
diagnosis of cancer (25%). Classification was the most common task for Al (57%) followed by segmentation
(16%). 65% of studies used machine learning and 35% used deep learning. We observed a rapid increase of
research in Italy on artificial intelligence in the last 5 years, peaking at 155% from 2018 to 2019.
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Conclusions: We are witnessing an unprecedented interest in AI applied to imaging in Italy, in a diversity of fields
and imaging techniques. Further initiatives are needed to build common frameworks and databases, collabo-
rations among different types of institutions, and guidelines for research on Al

Introduction

Accurate and early diagnosis and prognosis are essential in many
fields of healthcare. Artificial Intelligence (AI) applied to medical im-
ages allows for automated disease detection, characterization of histol-
ogy, stage, or subtype, and patient classification according to therapy
outcome or prognosis. It also permits outlining particular regions in the
images, quantifying organ volumes, and extracting features from the
images which, combined with machine learning algorithms, leads to
quantification of image properties or image classification.

In recent years an unprecedented amount of digital imaging data has
become available in medicine thanks to digitalization, affordable data
storage, and improved imaging techniques. This leads to an unprece-
dented interest in applications of Al to images which has boosted
research efforts of medical physicists (MPs) in Italy.

These efforts however, are more efficient when there is communi-
cation, collaboration, sharing of knowledge and common intents in the
MP community. For these purposes, the Italian Association of Medical
Physics (AIFM) [1] which is composed of 1284 medical physicists, has
established the AI for Medical Physics (AI4MP) [2] task-group.

The purpose of this review, performed by the imaging subgroup of
AI4MP, is to describe the status of the research in Italy on Al applied to
imaging, by systematically analyzing research published in this field in
Italy in the last 5 years. This work, besides providing an overview of the
fields of application, methods for Al used and the results achieved, will
serve to define future goals for the community of MP and facilitate
research on Al applied to imaging by MPs in Italy.

Machine learning and deep learning in imaging

Machine learning (ML) is a field of Al algorithms (Fig. 1) which can
recognize patterns in medical images by analyzing voxel intensity values
or quantitative imaging features, called also “radiomic features”, by
identifying their best combination and building a model for classifica-
tion or regression [3-6]. By ML, image features can also be combined
with variables from other sources, such as dose distribution from the
radiotherapy treatment [7]) or clinical variables [8] to improve accu-
racy of classification. Supervised ML is frequently employed in imaging
for classification [7] when the output variable is categorical, and for
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Fig. 1. Definitions of AI used in the review.

222

regression [9] tasks when the output variable is continuous.

A large number of supervised ML algorithms is available, as shown in
Table 1. Parametric algorithms make an assumption about the func-
tional form of the function that map covariates to the outcome, then
learn a finite number of coefficients for the function from the training
data. These algorithms, by using a pre-selected function, are generally
faster and easier to interpret. Generalized Linear Model with LASSO
[9-12], Ridge or Elastic Net penalty and Logistic Regression (LR) belong
to parametric ML. Non-parametric algorithms, by using a number of
parameters which is not limited, are usually slower and require larger
dataset. These include classification and Regression Trees (CART)
[13,14], K-Nearest Neighbours (KNN) [15,16], and Support Vector
Machines (SVM). SVM, based on finding a hyperplane that best divides
the data into two classes in the feature space, is among most popular ML
algorithm and is employed for both classification [7,10,17-20] and
regression [16]. Stochastic search algorithms were developed in an
effort to imitate the mechanics of natural selection and natural genetics
[21].

Artificial neural networks (ANN) are often used in radiomics [22] for
classification [23-25]. Random forest (RF), a popular concept in ML, are
based on a large set of randomly generated decision trees which are
trained individually. After training, the prediction is made for all the
individual trees and the most frequently selected class is taken as a final
result [26-30].

Unsupervised ML techniques can determine patterns in the data
which can be used for cathegorization, without the need of user-
provided labels. Examples are clustering methods such as k-means
[31,32], hard C-means[33], hierarchical [34], and Fuzzy C-Means
[35-38]. Less frequently, ML is employed for image segmentation using
supervised [39-41] or unsupervised [21,35-38] e.g. by first computing
features in the neighborhood of pixels which are then tagged using ML.

Deep learning (DL) [42-55]is a class of powerful MLs based on
multiple deep layers of neural networks, characterized by hundreds of
layers, each of which learns to detect different features of increasing
complexity from an image. In contrast to ML, DL doesn’t need to define a
priori a set of hand-crafted features, instead constructing its own internal
features which are able to describe rich and comprehensive information,
thus performing data representation and prediction jointly. CNNs can be
used for regression [56-58], classification [59-61], segmentation
[62-68] or image registration [58] tasks. Alternatively, DL networks can
be used to extract machine learnt from their layers, which can then be
passed to ML algorithms for classification [9,69], or for image recon-
struction [70].

Different DL architectures, such as Convolutional Neural Networks
(CNN), Residual Networks (RN) [71], Autoencoders [72], Recurrent
Neural Networks (RNN), allow for unlimited flexibility in extracting
information (features and filters) outperforming humans in 2D/3D im-
ages analysis.

Instead of training a DL from scratch, architectures can be adapted
from already existing and trained architecture such as Googlenet [56],
Google Inception [73] or ENet [74]. The training an existing network by
fine tuning its parameters and weights for a task which is unrelated to
the present goal, called transfer learning, enables to develop efficiently
accurate models [56,75,76]. RN are DL networks residual or skip con-
nections, which jump some layers [69] making it possible to train deeper
networks. Generative Adversarial Networks (GANs) transport the
generative modeling approach in the context of DL. The idea behind this
architecture is to learn to generate new data with the same statistics as
the training set, using two neural networks contesting each other in a
sort of a zero-sum game, where one agent’s gain is another agent’s loss.
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In the clinical context it is worth noting the use of GAN for Adversarial
Learning, that is to build carefully targeted attacks to fool a model
prediction [77-79].

Systematic review

A search for peer-reviewed manuscripts written in English was per-
formed using the PubMed engine. The search was aimed at selecting
studies performed in Italian institutions using machine learning applied
to medical images. The search strategy was: “((((artificial intelligence)
OR (machine learning)) OR (deep learning)) AND (imaging)) AND (italy
[Affiliation])) NOT (review[Pubblication Typel)”, limited to years
2015-2020.

In a second phase, participants to the AI4FM task-group were asked
to select the research papers, not covered in the first search, starting
from those published from their institute on Al in imaging.

The participants independently reviewed the selected manuscripts.
Studies were considered eligible when a machine learning method was
applied to images or to features extracted from images, acquired for
medical purpose, and the research was performed by investigators
affiliated to insitutes in Italy.

For eligible studies, the Al method, type of Al task (classification,
regression, segmentation, registration), algorithm, metric used for
evaluation of Al performance, and type of validation, were collected. In
order to study the type of institution were the research was conducted,
the studies were categorized according to the affiliation of the first and
last author, as hospital, university, public research institute (mainly
National Institute for Nuclear Physics, INFN and National Research
Council, CNR) or private company or foundation. The studies were
considered as collaborations among different institutions of different
types when the first and last authors came from different categories.

Results of systematic review

The search produced 793 papers. 120 studies were removed as not
related to the medical field, 223 had not imaging or Al, 52 were edito-
rials or reviews, 244 had not authors from Italy. 32 were removed as
they had a significant overlap with other papers with higher impact
factor by the same group. 122 were considered eligible, and 46 papers
were manually retrieved by the participants in the group, for a total of
168 studies. These are shown in Table 1 (ML studies) and Table 2 (DL
studies), were the clinical indication, algorithms and software platform
used for each study are described.

We have observed a rapid increase of research in Italy on artificial
intelligence in the last 5 years (Fig. 2). The increase in papers peaked at
155% from 2018 to 2019.

Fig. 3a-c show the distribution of studies according to image mo-
dality, clinical indication, and institution were the research was
undertaken.

Results show that most studies (36%) were from universities fol-
lowed by hospitals (16%). The most used imaging modality was MRI
(44%), followed by CT(11%) ad radiography/mammography (10%).
and the most common clinical indications were neurological diseases
(29%) and diagnosis of cancer (25%).

Classification was the most common task for Al (57%) followed by
segmentation (16%). Among ML algorithms, SVM was by far the most
used ML (40.2%). Most of the works retrieved use ML techniques (65%
of works).

Used software tools

Among the platforms used for ML (Table 1), the most used are Python
ML specific libraries, like the Scikit-Learn library [80]. The Waikato
Environment for Knowledge Analysis (Weka), is a free software devel-
oped at the University of Weikato, New Zealand, since 1993 [24,81].
Many ML algorithms from Weka are included in the Konstanz
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Information Miner (Knime) analytics platform [8,82,83], where ML
analyses are made intuitive by a graphical interface in which the tasks in
the workflow (e.g. data reading, ML training and ML prediction) are
visualised as nodes which can be configured and connected to each
other. Commercial packages Matlab (Mathworks, Natick, MA), and SAS
(SAS Institute, Cary, NC, USA) include ML and DL packages and
graphical interfaces [84].

R also offers many R-package implementing most of the machine
learning algorithms as glmnet for regularized generalized linear models,
e1071 for SVM [4,16,85], neuralnet for ANN, stats and kohonen for k-
means/hierarchical clustering and self-organizing maps. The caret
package includes many algorithms implemented in different packages
by specifying them as methods of a single training function-H20 is a
package for Al in R that offers parallelized implementations of ML [9].
PRoNTo (Pattern Recognition for Neuroimaging Toolbox) is a software
toolbox providing analysis tools for neuroimaging including ML [86],
while SVM-Light software is a package in C for SVM [18,87].

Deep neural networks have been used to develop classification
models on a variety of modalities including MRI [88,89], DTI [90], CT
[91], PET[60], radiographs [92] as well as on videos [93] as shown in
Table 2. Complex networks are graphs described by pairs of nodes and
links that represent the elements of the system to be modelled and the
iterations between the same, respectively, and allow to measure
particularly informative topological features.

Mostly, DL (Table 2) have been used for End-to-End learning, i.e.
networks learn how to do tasks automatically from raw data provided to
only interested task, whereas 7 articles developed a DL model as features
extractor for classification [45,46,59,61], regression [9,56-58], seg-
mentation [62-67,74,77], or image registration [58]. Five works have
used transfer learning to solve the task of interest [42,56,75,76], e.g. for
The Inception V3 and Alexnet pretrained on ImageNet large-scale
database were used for grading of meningioma [44].

DL is mostly performed using the Python programming language and
the Keras library [69,57,70,75,94,95]. Keras can be run as a stand-alone
library or from TensorFlow (from tensorflow version greater than 2), an
open-source software library for numeric computation [52]. The Google
Colaboratory interface provides free parallel GPU computing for Python
Jupyter notebooks. Theano [96], Caffe[97] and Pytorch [54,60,92,98]
are other open source DL frameworks which can be run from Python.

Clinical applications

In the following sections we present the most representative studies
on Al applied to imaging in Italy, grouped according to the clinical use of
Al

Neurological applications

The most common neuroimaging issues faced with Al tools are early
diagnosis, biomarker identification and understanding the mechanism
of development of neurodegenerative [99,100-102] and oncological
diseases [103,104], mental disorders [101,105-109] and brain malfor-
mations [110]. Applications of Al in neuroimaging most commonly
takes advantage of MRI, by applying ML to radiomic features ([111]) or
directly to voxel intensity [88,90,112,113].

Structural MRI, based on high resolution T1 weighted imaging (3D-
T1 MRI) has excellent contrast among soft tissues in brain, but diffusion
tensor imaging (DTI) [3,114] or resting-state functional MRI (rsfMRI),
are increasingly used for characterizing the brain activity.

Accurate classification of Alzheimer disease (AD) and mild cognitive
impairment (MCI) subjects has been achieved by combining novel to-
pological descriptors and ML algorithms [115-121]. Volume descriptors
or radiomic features [65] from MRI, alone or in combination with results
from visuospatial tests were used in SVM classifiers to distinguish mild
AD patients from healthy controls [76]. DL was applied to distinguish
AD from MCI and predict which patients with MCI will develop AD
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[3,4]. The combination of four ML models based on MRI turned out to
over perform each of them [23]. DTI was inquired as an input for AD
patient classification either using DTI metrics (fractional anisotropy and
mean diffusivity) as input for machine learning models [114] or trac-
tography algorithms for the characterization of structural connection
alterations in the brain due to AD [3]. A ML framework could quantify
the strength of association between DTI connectivity and cognitive
spectrum in Alzheimer’s disease summarized by a cognitive score on a
continuum range of values[122]. PET imaging combined with a SVM
model can characterize hypometabolism typical of patients with AD
[123].

Other applications to neurodegenerative disease are: diagnosis of
systemic sclerosis based on texture analysis in computed tomography
(CT) imaging [124] and diagnosis of multiple sclerosis by comparing
different ML algorithms based on 3D T1-MRI and rsfMRI [125], where
the approach based on RF feature selection and SVM provided the most
accurate result. DL can be used to reconstruct MRI images from the k-
space MRI of different sequences [126] or generate MRI which combine
information from different modalities [70].

In the field of mental disorders Al techniques have been recently
employed in the diagnosis and classification of Autism Spectrum Dis-
orders (ASD): in [127] a SVM classification approach based on rsfMRI
data was used to separate individuals with ASD from matched typical
development controls. In [28] a common pattern of structural features
extracted from 3D-T1 MRI was found to characterize a population of
ASD individuals by means of the One-Class Classification method. SVM
was applied to MRI intensity values to test sex-related structural dif-
ferences of young children with ASD[18].

Concerning schizophrenia, a framework based on multiple de-
scriptors derived from BOLD signals in fMRI during a work memory task
was employed for measuring brain activity [128] and for the binary
classification of patients and healthy controls [48]. For the differential
diagnosis of bipolar and unipolar depression, a multiple kernel learning
approach was implemented combining voxel based analysis on 3D-T1
MRI and DTI [69]. In healthy subjects, the cerebral cortex has been
characterized using fractal dimension [129].

Cancer diagnosis and characterization

Al technologies are often employed for helping in detection of cancer
[130-136] potentially reducing the healthcare costs due to misdiagnosis
and aiding the transition towards novel precision medicine protocols.
Also, AI can be used to characterize cancer by describing tumor gene
mutation status [14,24,103,133,137] or infiltration of nearby structures

[138,139].
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Fig. 2. histogram of studies on Al applied to imaging published in Italy
included in the systematic review versus years of publication.
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Microcalcifications, potentially an early sign of breast cancer, can be
detected from mammograms using ML clustering methods such as k-
means [31,34] or DL, which also allows segmentation of micro-
calcifications [43,67] and breast parenchyma [66].

Models for discriminating malignant lesions in digital mammograms
which make use of RF binary classifiers have been proposed [99]. The
development of deep CNN (DCNN) models has been shown to improve
the diagnostic accuracy in discriminating malignant breast cancer le-
sions in mammography. A DCNN architecture was proposed for reducing
false negatives while still keeping acceptable accuracy, showing that
random initialization CNN architecture can provide practical aid in the
classification and staging of breast cancer [51].

Recently, Al was applied to a novel instrumentation for diagnosis of
breast cancer, Contrast-enhanced spectral mammography (CESM),
where dual-energy mammograms are acquired after contrast medium
administration. In this way it can provide also images where the only
contrast medium is visible. Textural features extracted from CESM could
discriminate benign and malignant breast lesions using SVM classifier
[68] and a fully automatic system as a diagnostic support tool for the
clinicians using a RF classifier outperformed the human reader [15]. ML
and DL can also be used in tomosynthesis for distinguishing malignant
lesions [45].

By integrating genomic data of the tumor such as MicroRNAs with
MRI radiomic features, breast cancer can be classified as belonging to
subtype Luminal A, Luminal B, HER2+, or Basal using SVM [85].

Breast biopsy, normally done under US image guidance to direct the
needle towards the target, is the preferred technique to evaluate the
malignancy of screening detected breast lesions. A U-Net architecture
was trained to predict probe-induced deformations on the breast anat-
omy was trained in a realistic multi-modality breast phantom (Model
073; CIRS, Norfolk, VA, USA) with 10 inner lesions of diameter of 5-10
mm in order to provide real-time position of breast lesions [54].

Prostate lesions could be characterized as cancer by extracting
radiomic features from T2w and diffusion weighted imaging (DWI) and
then using a classifier based on discriminant analysis (DA) and gener-
alized linear model[140]. Gleason score [141] and extracapsular
extension [138] are also associated with MRI textural features.

Brain cancer diagnosis, mostly based on MRI images, remains a
challenging, error-prone and highly specialized task. An ensemble
learner based on a set of radiomic features to detect and grade brain
cancers was tested on more 111,000 brain MRI exams belonging to two
public data-sets [30]. Radiomic features extracted from dynamic sus-
ceptibility contrast maps were used as input for ML to predict o°
methylguanine-DNA methyltransferase (MGMT) gene promoter, a pre-
dictor of response of glioblastoma multiforme to temozolomide, and a
prognostic indicator of survival time [24]. Deep CNN were applied to 3D
T1-MRI and DWI maps in a retrospective study for the classifications of
meningiomas, turning out that the discrimination from apparent diffu-
sion coefficient maps has the largest area under the ROC curve [44].

Achieving accurate and reproducible tumor volume segmentation is
still a challenge in neuro-radiosurgery. Computer-assisted approaches
such as NeXt [142] for necrosis extraction, and MedGA [143] for brain
metastatic cancer segmentation in neuro-radiosurgery [35]. Automatic
strategies for the segmentation of brain metastases on 11C-labeled
Methionine PET imaging were developed [52,144].

Low-dose CT screening allows early detection of lung cancer and
subsequent mortality reduction, but it’s affected by frequent false pos-
itives, inter/intra observer variation and uncertain diagnoses of lung
nodules. AI approaches for lung cancer cancer detection usually involve
radiomic features extraction and selection, then building a ML model
such as ANN [145]. ML showed a good accuracy in distinguishing
benign from malignant nodules in low-dose CT screening, and out-
performed the clinical standard in an independent validation cohort
[10]. A lung cancer detection model using RF and ANN for radiomic
features selection was developed for chest digital tomosynthesis, [27],
and the least absolute shrinkage and selection operator (LASSO) logistic
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Fig. 3. Pie charts showing the distribution of clinical indication (a), imaging technique (b) and type of institution (c) for studies on Al applied to imaging in Italy.

regression modelwas used to predict positive lymph nodes [11]. DL was
also applied with promising results to multimodality PET/CT lung im-
ages for the classification of lung cancer lesions as T1-T2 or T3-T4 [60].

Another field where Al can play an important role is dermatology,
where Multiple Instance Learning was successfully investigated for
diagnosing melanoma from common nevi in dermoscopic color images
[146]. Other cancer types which have been investigated using ML or DL
for detection or characterization include bone chondrosarcomal81],
head and neck [147], and renal cell carcinoma [148].

Cardiovascular

ML tools can aid cardiologists in early diagnosis of cardiovascular
diseases such as amyloidosis[149] using a variety of imaging techniques.
Coronary arterial disease can be diagnosed by application of SVM to
trajectories of landmarks in echogardiography [150], and ventricular
failure by integration of these with biochemical and clinical data using
Naive Bayes ML [151].

234

Predictive models of coronary health disease, cardiovascular disease
and chronic heart failure integrating parameters obtained by radio-
densitometric CT images of skeletal muscle were proposed, where RFs
algorithm yielded the highest classification performance [83]. In
myocardial perfusion SPECT imaging, small vessel disease [8] and cor-
onary arterial disease [152] could be classified by applying ML to im-
aging features. A novel DL network to classify coronary computed
tomography angiography (CCTA) in the correct Coronary Artery Disease
Reporting and Data System (CAD-RADS) category showed the ability to
differentiate with high diagnostic accuracy patients with CADRADS
0 (patients do not appear to derive benefit from medical therapy) and
CADRADS greater than 0 (patients appear to derive benefit from medical
therapy) [95].

U-net, one of the most popular DL architectures for image segmen-
tation, was studied for segmenting aortic lumen in angiography [153],
while left ventricle scar tissue was segmented in cardiac MRI with late
gadolinium enhancement (CMR-LGE) images based on modified ENet
(Efficient Neural Network) [74]. Cardiac substructures can be
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segmented using hierarchical clustering [154].
Other diagnostic applications

Prostate zonal segmentation is a time-expensive and operator-
dependent procedure when performed manually. Two DL networks,
USE-Net and Enc-Dec USE-Net, obtained by modifying U-Net, one of the
most effective CNNs in biomedical image segmentation, were tested on
three T2-weighted MRI datasets by different institutions [55]. An
automatic segmentation method applied to multispectral MRI could
segment the prostate gland effectively based on an unsupervised ML, the
Fuzzy C-Means (FCM) clustering [36]. Other applications of DL for
automated identification of disease include investigating fibrotic lung
disease segmentation in high-resolution CT [73].

Almost immediately after the outbreak of the recent COVID-19
pandemic disease in Italy, it was clear that DL, by automatically
assessing image features possibly correlated with COVID-19 from chest
radiography (Fig. 4), can be a valuable tool for diagnosis of COVID from
pneumonia or healthy patient [61,75]. Fig. 4 shows chest radiographies
overlayed with class activation maps (CAM), the regions considered
relevant by a CNN to classify the image.

Among the different architectures investigated, an ensemble of 10
ResNET50 CNNs showed AUC equal to 0.81 in the independent test set
[61]. A previously trained VGG-16 was fine-tuned for lung disease
detection and classification (pneumonia or COVID-19) with accuracies
in the test set equal to 0.96 and 0.98, respectively [75]. A commercial
system based on ResNets showed comparable performance to
radiologist-assessed score on chest X-ray [53].

CT was also considered for automated diagnosis of COVID-19 using
DL, by using a modified version of SqueezeNet CNN, achieving a slightly
higher accuracy (85.0%) than the original SqueezeNet model while
maintaining its computational efficiency [42]. Al models were also built
for short-term outcome prediction of COVID-19 patients, i.e. favorable
vs mechanical ventilation/intensive care or death, and CT features
combined with clinical data in a SVM classifier achieved AUC of 0.92
[155].

Al has proven to be a promising tool for assessing bone mineral
density, trabecular bone score and bone strain from dual x-ray absorp-
tiometry. In a retrospective study of 125 postmenopausal women, bio-
ochemical markers of bone turnover (type I collagen carboxy-terminal
telopeptide, alkaline phosphatase, vitamin D) were measured and
correlated with fragility fractures by using a neural network analysis
with the auto contractive map algorithm [156]. On radiographies, DL
can detect fractures [157] and spine deformities [158].

The assessment of the skeletal bone age by left-hand radiography is a
common practice to investigate endocrinology, genetic and growth
disorders in children. Three different CNN, with similar architecture
showed an average error of estimated age of 0.8 years on a public dataset
of 1391 subjects, covering all age ranges, genders and races [45].

To determine the 3D position and orientation of vertebras from
planar radiographs, a modified Resnet was trained on synthetic radi-
ographies derived by projection from CT, resulting in errors lower than
3° in 86% of the test dataset [48].

Diabetes-related neuropathy could be diagnosed by CNN from
confocal microscopy [159] and retinopathy from fluoresceing angiog-
raphy images [160].

Pathology and microscopy

Pathological sciences offer another foreground application for Al in
imaging. In stained histopathologic images of breast tissue, DL can
automatically detect neoplastic epithelium, which is made difficult by
extreme variability of its morphology [25].

Nasal cytology, by allowing non-invasive study of nasal mucosa cells,
is increasingly important in otorhinolaryngology. DL has been proposed
for classification of cells (e.g. Neutrophils, Lymphocytic) in rhino-
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cytogram microscopic images [94]. Type 1 diabetes mellitus can be
diagnosed from Laudan intensity images of red blood cells obtained with
confocal microscope, using ML classifier and radiomic features [161].

Clonogenic assays, quantifying the anti-proliferative effect of treat-
ments on cell cultures, are usually performed by error-prone and
operator-dependent manual counting of cells. Besides, conventional
assessment does not deal with the colony size, which is generally
correlated with the delivered radiation dose or administered cytotoxic
agent. MF2C3 computational method leverages spatial Fuzzy C-Means
clustering on multiple local features (i.e., entropy and standard devia-
tion extracted from the input color images acquired by a general-
purpose flat-bed scanner) for quantification of area, count and and
size of the colony, along with the growth rate [38].

Multi-scale Generative Adversarial Network (GAN) was used to
produce high quality inter-leaved video frames in videos of time-lapse
microscopy for assessing biological processes, such as cell migrations
and interactions [77].

Semantic segmentation of kidneys in MRI in Autosomal Dominant
Polycystic Kidney Disease, an hereditary disease which changes kidney
appearance, was achieved using modified VGG-16 to detect and segment
the region of interest [63].

Fetal biometrics on ultrasound imaging, in particular measurement
of fetal head thickness, is prone to inter-user variability. By using two DL
networks, a pretrained and fine-tuned tiny-YOLOv2 for localizing the
fetal head and U-net for performing regression of fetal head thickness, it
is possible to accomplish this task automatically and reproducibly [57].
DL was applied to foetoscopic images for segmentation of structures
[162]. ML applied to MRI image features can identify placenta accrete
spectrum, trophoblasts’ abnormal invasion into the myometrial layer
[82].

Cancer prognosis and therapy outcome prediction

Recently, quantitative analysis of the tumor phenotype in radiolog-
ical images by extraction of a large number of radiomic features have
been coupled with ML classifiers with the aim of producing prognostic
and predictive models where PET images, by providing tumor meta-
bolism information, can play a key role. A ML approach was used to
predict disease progression in high risk prostate cancer who underwent
restaging 18F-Cho PET/CT by employing neighborhood component
analysis (NCA) followed by discriminant analysis (DA) ML [5]. Radiomic
features extracted from brain metastases in 11C-MET PET, reduced by
correlation matrix analysis and point-biserial correlation coefficient,
were included in a ML classifier for responders/ non-responder patients
after stereotactic radiotherapy [144].

A ML pipeline, based on RF applied to radiomic features extracted
from the semi-automatically segmented tumor on MRI, was proposed to
predict volume change of acoustic neuroma following Cyberknife radi-
osurgery [26].

Different ensemble ML using CT radiomics features were investi-
gated for prediction of overall survival in patients with Non-Small Cell
Lung Cancer [11]. Interestingly, the accuracy improved when using the
clinical target volume, confirming the hypothesis that, in the sur-
roundings of the visible tumor, there is useful information to predict
patients’ outcome [6]. A retrospective study recently started in the
framework of Artificial Intelligence in Medicine (AIM), a project foun-
ded by INFN, aims to investigate imaging and dose biomarkers for
clinical outcome of pediatric patients affected by medulloblastoma who
underwent Cranio-Spinal Irradiation (CSI) using Helical Tomotherapy
[163].

Radiomics based ML models can also be studied to predict side ef-
fects or radiotherapy, such as late radiation induced fibrosis. For this
purpose, the HU in CT images and the dose distribution were converted
in 3D Relative Electron Density (3D-RED) and 3d Biologically Effective
Dose (3D-BED). The best model for predicting late fibrosis was a 7
variables SVM, according to its accuracy in a 5-fold cross validation [7].
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Likelihood-Fuzzy Analysis (LFA) models were trained on a dataset of
37 IMRT patients to classify patients at risk of parotid gland shrinkage
and long-term xerostomia and, combining clinical, dosimetric and with
radiomics features from CT images acquired before, at the middle and
after RT, to obtain accurate models with high performance [164]. Pre-
diction of response to chemo-RT for anal and rectal cancer using ML and
radiomics is also an active area of investigation [28,165].

The use of DL models, which can be trained to predict patient
outcome from images, is still at its beginning. DL has been investigated
for predicting recurrence of Head and neck cancer from CT/PET [166] as
well as for predicting response of liver metastases to chemotherapy [65].

<

£
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Radiotherapy

Use of Al in radiotherapy include segmentation of structures used for
planning of the treatment, such as cathethers in brachytherapy, [96]. A
co-segmentation method to integrate the segmented Biological Target
Volume (BTV), using [HC]-Methionine-PET images, and the segmented
Gross Target Volume (GTV), on the respective co-registered MR images,
was proposed [37].

Tumor motion increases uncertainty of radiotherapy delivery. A
prediction model was implemented to predict tumor motion trajectories
from cineMRI (4D-MRI) acquired with 3 T scanner, which involved SVM
applied to anatomy landmarks positions [167]. A custom ML algorithm
was developed to outline prostate on US registered with pretreatment CT
to automatically determine target displacement during RT [168].

(b)

(d)

Fig. 4. Examples of activation maps calculated from chest radiographies of patients with Keras, negative (a, ¢ and e) and positive (b, d and f) for COVID

related pneumonia.

236



M. Avanzo et al.

Synthetic CT generation by DL from MRI used for image-guidance in
MRI-LINAC allows for daily dose calculation [169].

Using cone-beam CT or MV-CT used for radiotherapy image guid-
ance, ML can identify significant changes of patient anatomy during
therapy and predict patients who would benefit from adaptive radio-
therapy [170-172].

Al in Italy: Challenges and promises

Among the limitations of this review is that Al is a rapidly evolving
field and providing a thorough report on its status may be a difficult task.
Some studies may have been missed by the Pubmed search, in particular
those which mentioned only specific AI methods (“decision trees™). On
the other hand, studies provided by members of the working group may
be affected by biases according to the background and current activity of
researchers. Notwithstanding these limitations, this review, the first of
this kind to the best of our knowledge, provides a snapshot of Al in
imaging in Italy, and shows its rapid uprise. This confirms how many
researchers, including medical physicists, are enthusiastic to apply Al in
the healthcare field. However, there are still many open challenges that
need to be confronted in order to untap the potential of this research
field.

Challenges

Compared with ML, a lower number of studies among those identi-
fied (35%) used DL. Although DL techniques might achieve remarkable
performance, they are characterized by the high complexity of config-
uration, need for a large amount of images for training, long training
times and a performing computing infrastructure based on advanced
hardware (e.g., GPU, such as Titan XP (NVIDIA, Santa Clara, CA) graphic
processing units, a Xeon E5-2640 v4 2.1 GHz (Intel, Santa Clara, CA)
processor, and 32 GB of random access memory in [44] cluster or cloud
computing). This could explain the lesser diffusion of these techniques,
and common efforts should be focused on obtaining cloud computing
resources to be shared among the MP community for research on Al

ML algorithms are very flexible and adaptable to the learning dataset
and, thus, prone to overfit, which results in not generalizable models. In
order to avoid overfitting and validate models, ML and DL require huge
datasets. The large majority of the studies identified are single center
studies used internal validation techniques, as 10-fold cross-validation
or leave-one-out, which do not estimate model capability to perform
well on unseen samples. Only a minority of studies aimed at external
validation [55,145] or were multicentric e.g. [170,173].

Another issue is about data: because of privacy/ownership concerns,
researchers cannot share data easily. For these reasons, it would be
desirable to have common data-centers and large databases of digital
medical images and annotated information, which need computation
and data sharing infrastructures.

The image acquisition procedures used in different institutions are
often not comparable, and the parameters extracted show a dependence
related to scanners of different vendors. Also, DL networks depend on
the learning techniques and data used and artefacts can introduce un-
expected issues in the algorithm.

Model transparency, meaning that its formulas and code should be
available and comprehensible is considered fundamental for translation
of Al into clinical practice [174]. However, not all of the studies clearly
reported the software or platform used for Al or the architecture for DL.
The research community should be transparent on how a model was
obtained, also because this helps the user to understand its applicability
in a clinical setting.

There is need for common guidelines and protocols on how to
perform and report Al, ML and DL, in the spirit of the TRIPOD [175],
where criteria are given for development, transparent reporting and
validation of models. These should cover every step of the Al framework,
including the choice of proper ML algorithms and architecture, in order
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to achieve standardization and increase quality and transparency of
models and data. Moreover, they should deal with legal and ethical is-
sues, in the context of Italian and European regulation on AI [174].

Promises of Al in Italy

AIFM, is active, also through its working group on Al, AI4FM, in
increasing the level of collaboration with other scientific and profes-
sional organizations in healthcare involved in application of AI [176].

The Artificial Intelligence in Medicine (AIM) experiment [177] aims
to exploit the expertise of INFN and associated researchers on medical
data processing and enhancement, and turn it in the development of
advanced and effective analysis instruments to be eventually clinically
validated and translated into products. A network of fruitful interactions
between INFN Physicists and Clinicians of several Italian hospitals and
clinical research centers has been built in the last two decades, also due
to specific research initiatives funded by INFN-CSN5 (National Scientific
Committee 5).

Large data sharing scientific initiatives, such as Alzheimer Disease
Neuroimaging Initiative — ADNI [123] and Autism Brain Imaging Data
Exchange — ABIDE [16], have also promoted the investigation of new
methods based on Al algorithms in different clinical settings. A multi-
centric validation was successfully performed on a SVM method to di-
agnose amyotrophic lateral sclerosis from PET [178]. In a similar spirit,
a large international consortium performed validation of ML for pig-
mented skin lesion classification by Comparing them against human
readers[179].

In 2016 an Italian network project has started with a triple aim:
optimize, harmonize and share advanced MR imaging protocols in the
neurological field [180]. This approach helps to minimize scanner het-
erogeneity issues and improves data aggregation. The creation in such
contexts of databases integrating clinical and radiological information
would represent a solid basis for the application of ML techniques.

Conclusions

The present work shows that we are witnessing an unprecedented
interest in Al applied to imaging in Italy, in a diversity of fields and
imaging techniques. Further initiatives are needed to build common
frameworks, collaborations among different types of institutions, and
guidelines for research on Al and its safe deployment in healthcare.
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