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Abstract

Introduction The advent of image-guided radiation therapy (IGRT) has recently changed the workflow of radiation treat-
ments by ensuring highly collimated treatments. Artificial intelligence (AI) and radiomics are tools that have shown promis-
ing results for diagnosis, treatment optimization and outcome prediction. This review aims to assess the impact of Al and
radiomics on modern IGRT modalities in RT.

Methods A PubMed/MEDLINE and Embase systematic review was conducted to investigate the impact of radiomics and Al
to modern IGRT modalities. The search strategy was “Radiomics” AND “Cone Beam Computed Tomography”’; “Radiom-
ics” AND “Magnetic Resonance guided Radiotherapy”; “Radiomics” AND “on board Magnetic Resonance Radiotherapy”;
“Artificial Intelligence” AND “Cone Beam Computed Tomography”; “Artificial Intelligence” AND “Magnetic Resonance
guided Radiotherapy”; “Artificial Intelligence” AND “on board Magnetic Resonance Radiotherapy” and only original arti-
cles up to 01.11.2022 were considered.

Results A total of 402 studies were obtained using the previously mentioned search strategy on PubMed and Embase. The
analysis was performed on a total of 84 papers obtained following the complete selection process. Radiomics application to
IGRT was analyzed in 23 papers, while a total 61 papers were focused on the impact of Al on IGRT techniques.
Discussion Al and radiomics seem to significantly impact IGRT in all the phases of RT workflow, even if the evidence in the
literature is based on retrospective data. Further studies are needed to confirm these tools' potential and provide a stronger
correlation with clinical outcomes and gold-standard treatment strategies.
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Introduction

Artificial intelligence (Al) is a field of computer science
capable of analyzing complex datasets and exploring
meaningful relationships within different data formats. It
has been applied in numerous health care settings, such
as diagnosis, treatment optimization and outcome predic-
tion [1].

Al is based on a wide collection of algorithms to per-
form tasks correlated with human thinking or intelligence
through the appliance of machine learning (ML) and deep
learning (DL) as subdomains [2].

The applications of Al in radiotherapy (RT) are numer-
ous and aim to improve the accuracy, precision, efficiency
and overall quality of the treatment of cancer patients [3,
4].

Automated segmentation, automated planning, synthetic
image generation and automated quality assurance represent
only some of the applications of Al in RT, opening new
frontiers in several steps of the RT workflow [5-7].

Al has been successfully applied also to image sciences.
As an example, radiomics can provide quantitative features
from medical images that can be correlated with various
biological characteristics and clinical endpoints [8]. Its use
in the field of radiation oncology has offered new impor-
tant insights for treatment optimization [8—12].

Radiomics allows researchers to predict different out-
comes (i.e., response to treatment or treatment-induced
toxicities) and can be applied also to RT treatment-related
images, besides the traditional applications to standard
diagnostic images [13-16].

Image-guided Radiation Therapy (IGRT) has become
increasingly important in recent years, allowing to over-
come numerous pitfalls of past RT. Indeed, IGRT is cru-
cial in highly conformal treatments made possible by the
recent volumetric techniques such as intensity-modulated
Radiotherapy (IMRT) and volumetric modulated arc ther-
apy (VMAT) [17, 18].

IGRT allows to verify the correct position of the tar-
get and the inter-fraction and intra-fraction variability of
the therapy volumes, reducing the risk of target missing
and unnecessary irradiation of organs at risk (OAR) that
may cause potentially severe treatment-related toxicity,
especially in high-dose single fraction treatments such as
stereotactic body RT (SBRT) [19, 20].

The recent introduction of Magnetic Resonance imaging-
guided radiotherapy (MRIgRT) has brought further innova-
tions, thanks to the new application of Al techniques, such
as the possibility to perform active direct gating on movable
targets and online treatment adaptation [21].

Al can facilitate and speed up these processes, especially
in online adaptive radiotherapy treatments (ART) [22-24].

@ Springer

These new techniques are supporting the introduction of
innovative treatment regimens that may obtain more effec-
tive and safe treatments for cancer patients [25-29].

This will pave the way towards more hypofractionated
regimens, escalating treatment doses, and reducing hospital
access and relative logistic burden, as recently observed also
during the Covid19 pandemic [30].

The aim of this systematic review is to assess the sta-
tus and future perspectives of the use of Al and Radiom-
ics applied to images applied in-room through IGRT
technologies.

Materials and methods

A PubMed/MEDLINE and Embase systematic search was
performed using definite keywords, according to Preferred
Reporting Items for Systematic Reviews and Meta-analyses
(PRISMA) guidelines [31].

The searching strategy included the following keywords:
(“Radiomics” [Mesh] OR “Radiomics” [All fields]) AND
(“Cone Beam Computed Tomography” [Mesh] OR “Cone
Beam Computed Tomography” [All fields]); (“Radiomics”
[Mesh] OR “Radiomics” [All fields]) AND (“Magnetic
Resonance guided Radiotherapy” [Mesh] OR “Magnetic
Resonance guided Radiotherapy” [All fields]); (“Radiom-
ics” [Mesh] OR “Radiomics” [All fields]) AND (“on board
Magnetic Resonance Radiotherapy” [Mesh] OR “on board
Magnetic Resonance Radiotherapy” [All fields]); (“Artifi-
cial Intelligence” [Mesh] OR “Artificial Intelligence” [All
fields]) AND (“Cone Beam Computed Tomography” [Mesh]
OR “Cone Beam Computed Tomography” [All fields]);
(“Artificial Intelligence” [Mesh] OR “Artificial Intelli-
gence” [All fields]) AND (“Magnetic Resonance guided
Radiotherapy” [Mesh] OR “Magnetic Resonance guided
Radiotherapy” [All fields]); (“Artificial Intelligence” [Mesh]
OR “Artificial Intelligence” [All fields]) AND (“on board
Magnetic Resonance Radiotherapy” [Mesh] OR “on board
Magnetic Resonance Radiotherapy” [All fields]).

Original articles up to 01.11.2022 were selected, and the
exclusion criteria were defined as: 1) not original articles
(e.g., abstracts, reviews, editorials, book chapters, letters,
congress communications or posters); 2) articles that were
not in English language; 3) papers not referred to IGRT
imaging techniques; 4) papers not presenting results about
radiomics and Al applications.

A board composed by two radiation oncologists (AD,
AP) selected all articles, an independent validation of three
experts in radiomics and Al was also performed (LB, VN,
VS).

A final validation of the whole process was performed by
other 5 different independent expert radiation oncologists
(FDF, ID, RG, CG, GCI).
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Results

A total of 402 studies were obtained using the mentioned
search strategy on PubMed/MEDLINE and further 249
articles were obtained on EMBASE.

Following title and abstract analysis, 131 papers were
selected according to the previously reported exclusion
criteria.

After full-text analysis, 44 papers were discarded
according to selection criterion 4, as not referred to radi-
omics or Al applied to IGRT imaging modalities. After
the completion of the selection process, 84 papers were
considered eligible for the analysis of the results.

Figure 1 reports the flowchart of the systematic litera-
ture search process.

The range of publication year goes from 2011 to 2022
and all the studies included in the analysis resulted to be
retrospective.

In the subset of papers regarding radiomics (n=23), the
feature extraction was performed on on-board MR treat-
ment images in 31% (n=7) [9, 11, 14, 32-35] and CBCT
in 69% (n=16) of the cases [36—51]. The median number
of patients involved in the analysis was 30 (range 10-337);
the median number of considered radiomics features was
110 (range 2-2317).

Eight studies (34%) analyzed the technical feasibility
and reproducibility aspects of radiomics analysis [11, 14,
32-34, 36-44], while the correlation of radiomic features

and treatment response was the focus of fifteen studies
(66%) (35, 45-51].

Table 1 summarizes the main characteristics of the ana-
lyzed radiomics studies, including aim, conclusions, and
corresponding cluster area.

In the subset of papers regarding Al (n=61), the analysis
was performed on CBCT in the 56% (n=34) [52-87] and
on MRIgRT treatment images in the 44% (n=27) [5, 52,
79, 88—111].

The median number of patients involved in the analysis
was 45 (range 1-480).

Thirty studies (49%) analyzed Al in the generation of
synthetic imaging [5, 52-70, 75, 79, 88-93, 99], while
autosegmentation and autoplanning were investigated in
20 studies (32%) [71-79, 95-106]. Plan quality assurance
and dose calculation were the focus of 15 papers (24%) [55,
57-59, 63-65, 67, 69, 70, 80, 81, 94, 107, 108], treatment
delivery optimization was investigated in eight studies (12%)
[82-86, 90, 109, 110], while response prediction in 2 studies
(3%) [87, 111] as summarized in Tables 2 and 3.

Discussion

The results of this systematic review underline the effort that
the radiation oncology community has addressed to apply
radiomics and Al modalities on modern IGRT images as a
result of the ongoing attempts to provide personalized radio-
therapy treatment and workflow optimizations.

Fig. 1 Flowchart of the system-
atic literature search process

Records identified through Pubmed/MEDLINE database screening (n=402)
Records identified through Embase database screening (n=249)

Abstract evaluation

‘ Records excluded (n=520)

Full-text articles assessed for elegibility

(n=131)

Exclusion criteria:
- Not original articles

- Non English language
- Not referred to IGRT

- Not referred to radiomics and Al

Studies included in qualitative synthesis

(n=84)
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Conventional radiomics is based on the extraction of
quantitative image features from a region of interest (ROI)
with the subsequent creation of a model correlated with clin-
ical endpoints. In this context, delta-radiomics analyzes the
temporal variation of radiomic features to assess sensitivity
during treatment of the tumor understood as a heterogene-
ous entity [8].

Specific biomarkers of treatment response can be iden-
tified in this context. One of these is the early regression
index (ERITCP) whose validity has been demonstrated, for
example, in locally advanced rectal cancer. This index mod-
els the radiobiologic behavior of the tumor by considering
its volumetric regression from simulated treatment (Vpre)
to mid-treatment (Vmid) [112]. Promising results have been
shown in the analysis of features in MRI-guided treatments
of rectal and pancreatic cancer, evidence have shown that
delta-radiomics could predict cCR and pCR (AUC 0.81) in
rectal cancer and LC (AUC 0.79) in pancreatic cancer [9,
11].

Several settings have been investigated by the authors,
varying from the possibility to correlate treatment data to
clinical outcomes or exploiting innovative optimization
approaches.

In the largest number of analyzed studies, radiomics and
Al aim to lead to optimized stratification of patients with
the goal of better defining their risk category and tailoring
treatment models accordingly. The input information derived
from IGRT image analysis also allows to develop response
prediction models for response to treatments.

The availability of such models can radically modify the
foreseen therapeutic strategies, proposing online plan re-
optimization or dose modifications.

Several experiences also correlated data extracted from
in-room IGRT-derived images to the onset of treatment-
related toxicities in different sites, suggesting the need for
improvement strategies in terms of dose delivery accuracy,
made possible by the most modern delivery technologies.

Cone Beam CT-based radiomics analysis showed good
results in terms of treatment outcomes prediction, with a
major interest in toxicity prediction in head and neck and
thoracic malignancies [37, 40, 41]. Interestingly, some very
recent studies have proposed the application of radiomics-
based predictive models on in-room MRI images, showing
an overall high level of prediction of tumor response in dif-
ferent sites also in this innovative treatment IGRT frame-
work [11, 32, 33].

The development of Al-based systems and radiomics
that can predict treatment outcomes may further sup-
port the development of innovative adaptive radiotherapy
approaches, suggesting the need for dose adaptation to
poor-responder patients [113]. This approach represents
the backbone of a first prospective interventional clini-
cal trial that uses image derived biomarkers to stratify

patients undergoing neoadjuvant chemoradiotherapy for
locally advanced rectal cancer on a 0.35 T MR Linac in
risk classes and guiding dose escalation protocols, intro-
ducing a brand new concept of clinical trials in RT [114].

The applications of Al techniques also play an emerg-
ing role in optimizing the different phases of radiation
treatment by increasing safety and standardization. One of
the most optimizable areas is reducing the time required
for workflow. This aspect is even more crucial in MRI-
guided treatments, which have been shown to be time-
consuming processes in different experiences [115-117].
Autosegmentation and autoplanning models speed up the
planning steps while providing a high standard of quality
and consistent performances, less prone to interobserver
variability.

Reducing treatment times through Al applications, par-
ticularly in online adaptive treatments, also has the advan-
tage of increasing patient’s compliance to treatment, offering
more tolerable treatment sessions.

Besides the clinical advantages, applying Al-based qual-
ity assurance (QA) tools to the different phases of radiation
treatment planning and delivery is another central area of
investigation and research. In this context, there are growing
experiences in developing methods for creating synthetic
imaging from in-room IGRT images to optimize dose cal-
culation on the patient's daily anatomy and disclose unprec-
edented approaches for online adaptation.

In conclusion, the evidence available in the literature is
based on small retrospective datasets but describes a signifi-
cant impact of radiomics and Al applied to modern in-room
IGRT methods in all the phases of radiation treatment.

Further confirmation about the potentialities of these
tools will come from prospective studies of correlation with
clinical outcomes and gold standard treatment workflows
and strategies.
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