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Abstract 
Purpose: Artificial intelligence (AI) plays a central role in building decision supporting systems (DSS), and its ap-

plication in healthcare is rapidly increasing. The aim of this study was to define the role of AI in healthcare, with main 
focus on radiation oncology (RO) and interventional radiotherapy (IRT, brachytherapy). 

Artificial intelligence in interventional radiation therapy: AI in RO has a large impact in providing clinical deci-
sion support, data mining and advanced imaging analysis, automating repetitive tasks, optimizing time, and model-
ling patients and physicians’ behaviors in heterogeneous contexts. Implementing AI and automation in RO and IRT 
can successfully facilitate all the steps of treatment workflow, such as patient consultation, target volume delineation, 
treatment planning, and treatment delivery. 

Conclusions: AI may contribute to improve clinical outcomes through the application of predictive models and 
DSS optimization. This approach could lead to reducing time-consuming repetitive tasks, healthcare costs, and im-
proving treatment quality assurance and patient’s assistance in IRT.   
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Purpose 
Radiation oncology (RO) family sees three main areas 

of application based on the modality of tumor treatments, 
including external beam radiotherapy (EBRT), through 
the use of sophisticated machines that produce radiation 
away from the body; metabolic radiotherapy (MRT) in-
volving the use of radiopharmaceuticals that yield thera-
peutic results by the direct interaction to cells metabolism; 
and finally, interventional radiotherapy (IRT, brachy-
therapy). In IRT, with the use of applicators and catheters 
(therapeutic implants) placed in contact or inside the tu-
mor, one or more sealed radioactive sources are placed to 
destroy malignant cells. The main feature of this “inter-
nal” radiation mode is the ability to deliver high radiation 
doses to the target tissue while sparing the surrounding 
organs due to steep dose falloff from the source. The avail-
ability of miniaturized radioactive sources and new de-
vices, which facilitated the radiation protection of patients 

and staff, the integration with modern imaging for better 
definition of the target volume, the correct positioning of 
sources/applicators, and the possibility of modulating the 
intensity of dose point-by-point (intensity modulated in-
terventional radiotherapy), have fostered a new interest in 
the modern use of this application technique. 

In the scenario of healthcare, precision medicine (PM) 
is emerging both in the context of preventing and treat-
ing diseases. More specifically, PM has significant appli-
cations in cancer care, identifying specific patient popula-
tions at risk and developing alternative and more accurate 
treatment options based on the evaluation of individual 
variability [1]. PM is characterized by four features: it is 
predictive, preventive, personalized, and participatory. 
The analysis of individual genomic and biological path-
ways results in a more accurate definition of clinical out-
comes related to a certain disease and treatment, leading 
to the increase of predictivity and the adoption of preven-
tive measures. 
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Moreover, personalization is a major aspect of apply-
ing PM in oncology heading from “average-population”-
based therapeutic choices to subpopulations’ models. 
The participatory effort of different figures is crucial, in 
the frame of a  personalized therapeutic/diagnostic ap-
proach; establishing large networks of reference centers 
and big data collection can create definitive decision sup-
port systems (DSS) to share the data and assist clinicians 
in decision-making. 

Artificial intelligence (AI) computational methods al-
low to perform tasks that typically require human intel-
ligence by extracting rules and “learn” from data while 
processing them. The use of machine learning (ML) to 
replicate and predict human behavior and mental skills 
in learning and decision-making, its application in 
healthcare, and personalized medicine is rapidly increas-
ing through the definition of specific algorithms [2]. 

One important field for application of AI in healthcare 
is radiotherapy (RT). Because of the results in terms of tu-
mor control in radical setting, but also due to the effective 
and durable palliation and pain control, this treatment 
provides a  high degree of personalization (i.e., therapy 
volume and dose selection) among the different cancer 
therapies. It is involved in 45-55% of newly diagnosed 
cancers and even in the advanced stage diseases [3]. 
However, RT requires high training standards and qual-
ity assurance, as it is a technologically complex and ad-
vanced treatment approach, the adoption of AI methods 
can be highly beneficial to improve quality of treatment 
and overall effectiveness. 

The aim of this review was to assess current status and 
future perspectives in the field of AI, defining its applica-
tion in RO, with a particular focus on IRT (brachytherapy). 

Role of artificial intelligence in radiation oncology 
The introduction of automation and AI could be con-

sidered when pursuing quality assurance in clinical prac-

tice. The impact of AI in RO, in terms of ML, deep learn-
ing, big data, and data modelling innovation [4], may 
result in short-term overall health quality improvement. 

Artificial intelligence, as a  part of automation, has 
been systematically involved in radiation treatment 
workflow [5,6]. As a first example, in most recent years, 
several commercial auto-segmentation solutions have 
been released with the aim to provide reliable and fast 
segmentations, and paving the way to perform only 
adaptive re-planning procedures [7,8]. 

Many AI applications have also been introduced in 
RO. Several technologies can help to provide DSS tools 
based on large database processing, data mining, and ad-
vanced quantitative imaging analysis [9,10,11]. The adop-
tion of these tools improve clinical practice through the 
development of predictive models, which consider nu-
merous different decisional parameters, such as patient’s 
comorbidities [12], and reduce the knowledge gaps be-
tween domain-specific experts and non-experts, success-
fully enhancing PM in oncology fields. 

The use of AI in RO can also result in facilitating repet-
itive tasks (i.e., various treatment planning procedures) 
and optimizing/gaining time for clinicians to focus on 
modelling behaviors in heterogeneous contexts as well as 
enforce interaction with patients. Automation seems also 
to provide a significant reduction in care costs [13]. 

The following characteristics can be applied in all 
phases of radiation treatments workflow (Figure 1): 
•	 First patient consultation: The application of AI in this 

step could result in improving patient-tailored treat-
ment personalization, guiding clinical choices and 
treatment selection, comparing several kind of treat-
ments [14], and thoroughly informing the patient on 
treatment tolerance and expected toxicities [15,16]. 

•	 Delineation: Implementation of AI in this process may 
result in time saving and workflow efficiency optimi-
zation, with better accuracy, oncology standardiza-
tion, and adequate segmentation guidelines. 

Fig. 1. Artificial intelligence in interventional radiation oncology
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•	 Planning: Improvement in speed and quality of a plan-
ning process might be achieved through inverse plan-
ning optimization and automated knowledge-based 
treatment planning approaches, potentially offering 
plans comparisons using different delivery technolo-
gies (i.e., photons vs. protons, or external beam vs. 
IRT) [17]. 

•	 Treatment session delivery: Motion management tech-
nologies for both target volumes and organs at risk 
(OARs) [18] could speed-up patient’s repositioning [7], 
and improve the accuracy of treatment delivery, reduc-
ing planning margins and unnecessary irradiation. 

•	 End of treatment: Understanding patients’ needs and 
establishing adequate post-treatment monitoring and 
rehabilitation protocols, represent the main objectives 
of AI implementation in this step. Patients’ quality of 
life and perception of care actions could be signifi-
cantly improved thanks to AI applications. 

Role of artificial intelligence in interventional 
radiation therapy 

In the last decade, due to technology improvements, 
IRT has reached a rapid evolution in terms of implants, 
planning, and delivery [19,20]. These technological ad-
vancements required specific training for physicians, but 
it led to the increase of IRT treatments quality. Such in-
novations, together with the widespread use of 3D im-
aging techniques, including computed tomography (CT), 
magnetic resonance imaging (MRI), positron emission to-
mography (PET/CT), and ultrasound, have determined 
the emergence of image-guided interventional radio-
therapy (IG-IRT), with important clinical benefits [21]. 
The development of equipment with miniaturized treat-
ment sources (remote afterloading high-dose-rate [HDR] 
and pulsed-dose-rate [PDR] devices), and progressively 
smaller, manageable, and CT/MR compatible applicators, 
provided a significant contribution to this evolution [20]. 
The diffusion of single-source devices allowed the imple-
mentation of treatment plans with the possibility of an 
optimization in the coverage of the target by limiting the 
dose to organs at risk (intensity-modulated IRT) [22]. This 
led to an increase in treatment accuracy and to the devel-
opment of complex image-based control systems as well 
as stability of plans and quality assurance protocols [23]. 
Potential role of artificial intelligence in IRT (Table 1) has 
been investigated in the last two decades. 

Implant geometry and the choice of appropriate ap-
plicators is a  crucial phase of IRT treatment workflow. 
Artificial intelligence implementation could result in pro-
viding clinical decision support, and mining ’omics’ and 
analyzing data (Figure 1). 

Several studies have underlined that AI could help to 
optimize the applicators location in treatment planning 
phases as well as the importance of predicting the optimal 
source position in targets, avoiding radiation of organs 
at risk (OARs) at best in the field of low-dose-rate (LDR) 
IRT [24,25,26,27]. Thanks to machine learning analysis of 
pre- and post-plan seeds disposition, effective algorithms 
were developed in order to obtain adequate target cover-
age and optimal OARs avoidance [28,29]. Intra-fractional 

dose variations could result in higher toxicities and de-
livery uncertainties; AI models may be able to optimize 
planning and motion management, achieving a  more 
safe treatment delivery [30]. Recently, initial results from 
a phase I trial study on prostate cancer and LDR IRT have 
been released [31]. Also, ML was applied to the predic-
tion of treatment response for biochemical failure follow-
ing prostate salvage HDR IRT [32]. A multicenter storage 
of pretreatment and delivery imaging to correlate to data 
of clinical outcomes could contribute to the definition of 
predictive models of response to treatment, with the cre-
ation of support tools to improve the positioning of cath-
eters and the creation of treatment plans [33]. 

In particular, a potential field of investigation could 
be the integration and implementation of imaging fusion 
and neuro-navigation systems in clinical practice [34]. 
New trials are currently ongoing in order to provide new 
data on the applications of AI in HDR IRT [35,36]. 

Conclusions 
Artificial intelligence has a  significant impact in all 

the steps of IRT process. Due to human intervention and 
automatic error detection systems, AI could also provide 
a reduction of cancer care costs and time-consuming re-
petitive tasks. Implementing AI in IRT could result in sig-
nificant advantages for physicians, allowing more time 
for interaction with patients, increasing the level of hu-
manity, and patients care quality. 
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