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Featured Application: Computational models based on artificial intelligence (AI) variants have
been developed and applied successfully in many areas, both inside and outside of medicine.
However, the full potential of Al in the entire radiotherapy workflow is not fully understood,
while potential ethical, legal, and skill barriers might limit or postpone the application of Al in
support of clinical practice.

Abstract: In recent decades, artificial intelligence (AI) tools have been applied in many medical fields,
opening the possibility of finding novel solutions for managing very complex and multifactorial
problems, such as those commonly encountered in radiotherapy (RT). We conducted a PubMed
and Scopus search to identify the Al application field in RT limited to the last four years. In total,
1824 original papers were identified, and 921 were analyzed by considering the phase of the RT
workflow according to the applied Al approaches. Al permits the processing of large quantities
of information, data, and images stored in RT oncology information systems, a process that is not
manageable for individuals or groups. Al allows the iterative application of complex tasks in large
datasets (e.g., delineating normal tissues or finding optimal planning solutions) and might support
the entire community working in the various sectors of RT, as summarized in this overview. Al-based
tools are now on the roadmap for RT and have been applied to the entire workflow, mainly for
segmentation, the generation of synthetic images, and outcome prediction. Several concerns were
raised, including the need for harmonization while overcoming ethical, legal, and skill barriers.

Keywords: artificial intelligence; radiotherapy; workflow; machine learning; deep learning;
iterative optimization

1. Introduction

Artificial intelligence (Al) is a field of computer science that focuses on developing
computer-based approaches that mimicking humans’ ability to make decisions and solve
problems. From a conceptual standpoint, Al can be divided into two main categories: itera-
tive optimization (IO) [1], also known as computationalism [2], and machine learning (ML),
which in turn includes deep learning (DL), resembling a matryoshka scheme. 10 algorithms
are based on the progressive combination of several scripts that are independently created
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as parts of the decision-making process of an experienced operator. ML uses statistical
functions to develop models that self-learn patterns from collected data and make decisions
on new data. ML includes DL, which involves the combination of simple algorithms in a
complex hierarchical and “deep” architecture, inspired by the connections of neurons in
the network-based structure inside the human brain.

Currently, Al has been applied in many medical fields, thanks to its ability to find
novel solutions for managing very complex, high-dimensional, and multifactorial problems,
as commonly encountered in the field of therapy and imaging [3].

Thanks to the extensive development that has occurred in radiotherapy (RT) oncology
information systems (OIS), a large quantity of information (e.g., patient assessments, multi-
modality images, absorbed dose distributions, machine performance, and patient-specific
quality assurance) is now available. These databases are reaching dimensions beyond those
manageable by individuals or groups, meaning quality assurance (QA) of the RT workflow
processes and machine status checks are not possible.

Al can allow an integrated and comprehensive assessment of the patient’s condition
using all available information in the OIS to support radiation oncology staff. Importantly, a
radiation oncologist’s judgment can be more accurate than those made by machines, as they
are often dedicated to a single task (e.g., patient identification, prioritization, monitoring,
or patient workflow checks). radiation oncologists have daily interactions with patients
and have the capability to understand their unspoken needs and values. In this sense, Al
tools should be considered as computer aids to the staff, who would remain responsible
and in charge of patient management.

Furthermore, the rapid development of new Al-based solutions applied to RT will
impact the daily clinical practice, such as the (semi-)automatic delineation of normal
tissues and target volumes or treatment plan optimization. Nevertheless, Al strategies use
advanced statistical techniques and complex algorithms that are often not fully understood
by RT staff, with the risk of being employed as “black box” tools [4].

Our overview focuses on the Al-based approaches implemented or proposed in
recent years in RT to favor the more conscious use of available solutions. At the same
time, we highlight possible barriers to implementation in clinical practice and identify
possible countermeasures.

2. Materials and Methods
2.1. Literature Search Strategy

PubMed and a Scopus searches were performed using a query string to identify the
Al application in the RT field. The query string in Pubmed was the following: (((“arti-
ficial intelligence”[Title/ Abstract]) OR (“machine learning”[Title/ Abstract]) OR (“deep
learning”[Title/ Abstract])) AND ((“radiotherapy”[Title/ Abstract]) OR (“radiation ther-
apy”[Title/ Abstract]) OR (“radiation oncology”[Title/Abstract]))) NOT review. Filters:
from 1 January 2018-1 January 2022.

The query string in Scopus was the following: (TITLE-ABS (“artificial intelligence” OR
“machine learning” OR “deep learning”) AND TITLE-ABS (“radiotherapy” OR “radiation
therapy” OR “radiation oncology”)) AND (EXCLUDE (DOCTYPE, “re”)) AND (LIMIT-TO
(PUBYEAR, 2021) OR LIMIT-TO (PUBYEAR, 2020) OR LIMIT-TO (PUBYEAR, 2019) OR
LIMIT-TO (PUBYEAR, 2018)).

The search was restricted to the last four years to include only the most recent articles
in both cases.

2.2. Study Selection

The PRISMA flow diagram [5] methodology was followed for study selection. Two
authors independently reviewed the titles and abstracts to decide on the inclusion into
this study. Several papers were manually added after the screening based on excluded
review citations, according to [6]. Full articles were retrieved when the abstract included
the investigated topic, and only full papers published in English were considered. The data
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were collected in a database with the following columns for the subsequent data analysis:
first author, year, title, inclusion/exclusion issues, Al-based algorithm used, Al-based
algorithm classification, Al-based algorithm goal, the main phase of the RT workflow
(patient care coordination, multimodality image registration and segmentation, treatment
planning, patient positioning, online monitoring, adaptive planning, patient-specific plan,
machine QA, image and chart review, outcome prediction). The algorithm classification was
grouped into IO, ML, and DL, representing the main categories of the Al strategies [1,2,7].
The main goal was chosen from the phases of the RT patient-based workflow, as illustrated
in Figure 1.
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Figure 1. Steps of the RT patient-based workflow, in which Al-based techniques can be applied.

3. Results and Discussion
3.1. Search Inclusion Criteria and Study Description

The reported PubMed and Scopus searches identified 1824 papers, selected as de-
scribed in the PRISMA flow diagram (Figure 2).
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Figure 2. PRISMA flowchart diagram summarizing the study selection. (§) The list of included papers
for quantitative synthesis and their classifications according to the Al subgroups (i.e., type of methods)
and main aims are reported in the Supplementary Materials (Table S1). (*) The list of excluded papers
from quantitative synthesis and reasons for exclusion are reported in the Supplementary Materials
(Table S2).
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After the screening of 691 duplicates, 204 of 1133 papers were excluded for the follow-
ing reasons: 45 reviews; 19 no English; 13 no Al application; 65 no application to clinical RT;
6 comments, commentary, or letters; 15 conferences; 3 ethical or philosophical perspectives;
8 harmonization or standardization; 5 surveys; 2 corrections or corrigendum; 6 errata
or retracted; 16 editorial or book chapter; 1 general recommendation. In addition, 8 of
929 papers were excluded after the inspection of the full text for the following reasons:
6 overviews, 1 no application to clinical RT, 1 commentary. The details about the excluded
papers are reported in the Supplementary Materials (Table S2).

Out of the 921 included papers reporting the types of methods employed (i.e., IO, ML,
or DL), 321 papers (34.9%) used ML methods and 596 (64.7%) used DL methods. Four
papers (0.4%) investigated the application of IO approaches to image and chart reviews and
the Pinnacle treatment planning system. In particular, the Pinnacle auto-planning module
is based on the ability of a digital computer to perform tasks commonly associated with
human intelligence through a system of iterative optimization [8].

Figure 3 shows the distribution of the published papers, including IO, ML, and DL
methods per year. From the figure, it is possible to notice how the number of papers using
Al approaches in RT is growing over time. In particular, the number of papers per year
using DL shows a steeper growth compared to ML approaches.
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Figure 3. Papers per year according to the type of Al approach. The blue, cyan, and dark blue bars
represent DL, ML, and IO methods, respectively. The grey line represents the total count (i.e., the
sum of DL, ML, and IO methods) per year.

The numbers of papers reporting applications of Al subgroups according to the
different RT workflow steps (highlighted in Figure 1) are reported in Figure 4. Among the
Al approaches, DL methods were mostly implemented for semi-automatic organs at risk
(OARs) or tumor segmentation studies (254 papers) and for synthetic image generation
(127 papers). ML methods were mostly used for the outcome prediction (183 papers).
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Figure 4. The numbers of identified papers according to the Al subgroups (I0, ML, and DL) and RT
workflow steps (highlighted in Figure 1).

3.2. Reported Application of Al to RT

Out of the identified Al papers (listed in Supplementary Materials Table S1), a subset
of relevant papers will be presented as examples of research areas that are well established
or consolidated or still under development and applied to the analyzed phases of the RT
workflow (Figure 1).

3.2.1. Patient Care Coordination and Optimization

Al has been applied to patient care coordination and optimization to create a data
management system for clinical and research processes [9]. The implemented system
was trained to extract relevant information by direct connection with structured data
and text mining technology, which allowed an objective evaluation of key performance
indicators to improve patient care management. ML was also used as a tool for clinical
decision support in a multicentric context [10]. In particular, Field et al. [10] developed
a platform to coordinate data analysis across RT centers using distributed or federated
learning methods after a harmonization phase. Moreover, other examples of complex
jobs with custom constraints that Al could optimize include scheduling RT treatment
appointments, checking machines, and patient-specific quality assurance (QA).

Moreover, the possibility to analyze OIS data and set an alert in terms of the monitor
units, i.e., the number of delivered fractions (i.e., ad hoc modified to account for the treat-
ment gap), might also help assess adherence to guidelines [11], especially during pandemic
periods. As described in [12], AI methods were also applied to patient face recognition
before RT treatment. These solutions reduce the risk of the patient misidentification that
may occur in a busy RT department, which could lead to delivering an inappropriate RT
treatment plan.



Appl. Sci. 2022,12, 3223

6 of 18

3.2.2. Image Registration

Image registration and fusion algorithms are currently applied in RT and are consid-
ered a critical component of contour propagation and dose accumulation among consecu-
tive RT treatments, as well as in online or offline adaptive plan optimization. Automated
rigid registration or deformable image registration (DIR) often requires manual tuning
due to possible relevant patient anatomy and setup changes compared with the available
images. This task is time-consuming but can be aided by Al-based algorithms to assist the
radiation oncologist. In [12,13], DL-based methods were implemented to learn similarity
metrics for image registration purposes, allowing for fast, user-independent, non-rigid
inter-modality registration

It should be noted that non-negligible uncertainties still exist, potentially affecting
applications based on DIR [14]. The validation of the DIR-based algorithms against expert
contours is necessary, as recommended by the American Association of Physicists in
Medicine’s Task Group (TG) 132 report [15] and as applied in several papers [16-23].

3.2.3. Image Segmentation

Al-based methods have shown potential for medical image segmentation, target de-
tection, and other tasks [24-27] using manual segmentation performed by expert radiation
oncologists as the ground truth.

Image segmentation is a process of the RT workflow that shows substantial intra- and
inter-observer variability [28]. It is crucial for treatment plan development because RT plans
are optimized and judged based on contoured regions and the fulfillment of dose-volume
constraints. Therefore, the absorbed dose distribution metrics depend on the accuracy and
integrity of contours used to identify target and normal tissues. The possibility of using
Al-based segmentation might reduce the inter-observer variability in the delineation of
OARs and targets.

Nevertheless, manual segmentation is a time-consuming process, which impacts the
work schedule of the RT department. The time required for this task is relevant not only for
baseline computed tomography (CT) planning images but also for offline or online adaptive
RT, requiring repeated CT images or daily acquired cone-beam CT (CBCT). Indeed, the
time delay between image acquisition and manual segmentation can last several minutes,
which might be incompatible with the online adaptive process, because in the meantime the
targets and OARs might change in volume and position [29]. ML and DL-based methods
were applied for automatic image segmentation in 15 and 254 identified papers, respectively,
to mimic the expert radiation oncologists’ results in the delineation and identification of
organs and tumors (Figure 4).

Al-based segmentation tools have been applied to different anatomical areas (Figure 5a),
such as the brain [30,31], head and neck [25-27,32-39], thorax (including the segmentation
of lungs [40-44], breasts [44-47], and heart [44,47]), abdomen [24,25,48], and female or male
pelvis [29,45,49-54]. The use of Al for automatic segmentation might generate contours of
lesions and OARs with an expected higher adherence to international guidelines [55-65],
reducing the inter-operator variability, especially in a multicentric context.

Several commercial, open-source research tools are now available for auto-segmenta-
tion [32-36,39-41,47,66-69]. Among the investigated papers, 138 used a convolutional
neural network (CNN) specifically designed for image recognition and computer vision
applications. These techniques were applied in the RT field to segment lesions or OARs in
several areas and image modalities. Excluding CT alone, the second most frequent imaging
modality is MR, thanks to its ability to provide superior soft-tissue contrast and PET/CT
images to obtain metabolic information (Figure 5b).
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Figure 5. Numbers of identified papers in image segmentation according to (a) the contoured district
using ML or DL methods, and (b) the imaging modality used for segmentation by adopting the
convolutional neural network (CNN) approach.

Ongoing significant efforts are still directed towards improving the efficiency and
robustness of automatic delineation and assessment strategies for QA with Al-based seg-
mentation tools [42,70-72], requiring ad hoc guidelines [45]. In particular, Maffei et al. [70]
developed an ML approach based on the use of a radiomic-feature-based classifier to
evaluate the segmentation quality of the heart’s structure. Moreover, van Roojj et al. [71]
used spatial probability maps to detect inaccuracies in contour delineation of the head and
neck using a DL approach. Finally, DL-based methods were used to evaluate the quality of
contouring of OARs and targets in lung cancer patients [42] and salivary glands in head
and neck cancer patients [72].

3.2.4. Synthetic Image Generation

During RT, multiparametric MR images can allow more comprehensive characteriza-
tion of the investigated area, while daily pre-therapy CBCT images are widely used for
patient positioning verification. Unfortunately, the intensity values of MR [73] or CBCT [74]
images are not directly related to the electron density of the tissues, which represents one of
the input data issues in treatment planning. Moreover, CBCT is a practical low-dose image
modality, but it suffers from poor image quality compared to CT. Thus, there is a need to
derive CT-equivalent information (i.e., “synthetic” CT images), which is mandatory for RT
treatment planning and to generate digitally reconstructed radiography (DRR) images that
can be used for patient setup verification. Using this strategy, the generation of synthetic
images allows fully MR-based planning, while reducing the mismatch that originates
during the transfer of contours from one image modality to another and caused by organ
motion and changes [75-77].
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Regarding MR images, synthetic CT image generation based on segmentation and
atlases has been proposed [78]. Unfortunately, the first approach is time-consuming,
requiring the acquisition and segmentation of multiple MR sequences. At the same time,
the atlas-based approach relies on DIR methods and depends on the cohort included in
the atlas. In this context, DL approaches are considered the most effective strategy due
to their ability to learn complex models without acquiring additional images or solving
image-registration issues. DL-based “synthetic” CT image generation was implemented
in 89% (Figure 6a) of papers, while ML was applied in 11% of papers (Figure 6b). Both
approaches employed multiple 2D or 3D images as input data.
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Figure 6. The numbers of identified papers that aimed to generate synthetic images according to the
input imaging modality for (a) DL- and (b) ML-based approaches.

Among DL-based methods, several examples were based on CBCT [79,80], MR [73,81,82],
or 2D projection [83,84] images. CNN approaches were also adopted [85] to speed up the
online setup verification using MR-guided RT.

Another application of Al methods involves the generation of synthetic images with in-
creased quality, performed mainly on CBCT images (in 11/21 papers). Finally, Dai et al. [39]
generated synthetic MR images to improve the auto-segmentation accuracy.

3.2.5. Treatment Planning

In the context of intensity-modulated radiation therapy (IMRT) or volumetric modu-
lated arc therapy (VMAT), manual planning for complex cases is challenging, depending
on the planner’s experience and ability to manage the trial-and-error process. Planners,
although very experienced, neither know “a priori” how much a plan can be optimized nor
how to tailor all dosimetric constraints to the specific patient. During the optimization of
the plan, the constraints depend on the site, stage of disease, and treatment schedule for
given classes of patients. Knowledge-based treatment planning uses the ML technique to
identify the patient-specific dose-volume constraints. This approach might have a limited
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capability to guide the new treatment schedules [86] because it requires a large dataset of
collected data to train the system and provide the best patient-tailored solutions [87].

On the other hand, in a research study, Hrinvich et al. [88] implemented a DL method
to find the optimal machine parameter solution for a VMAT plan. This method is based
on reinforcement learning and a convolutional neural network, which are ML- and DL-
based approaches, respectively. The paper employed a two-dimensional network design to
optimize VMAT delivery. Its future extension to three-dimensional beam modeling could
represent a fully DL-based time-saving solution that does not require previous plans.

Another treatment planning optimization strategy is based on fully automated IO
solutions that rely on computerized rules and reasoning methods [49]. The technique
templates allow the automatic generation of plans without human intervention. The
superiority of auto-planning versus manual VMAT optimization was reported using a
blinded side-by-side plan comparison [89]. The full implementation of auto-planning in the
clinical routine can allow one to develop consistent quality plans with minimal inter-planner
variation in less than 30 min [90]. This will undoubtedly significantly reduce planning
times in busy departments or help in finding a better solution for possible planning class
optimization. With the advent of auto-planning technologies, a complete understanding of
underlined methods and quality assurance procedures is necessary for the effective use of
these tools.

More research is needed to explore the full potential of auto-planning and its optimal
clinical application by identifying ad hoc dose-volume constraints for generating novel
treatments based on the available technologies in a multicenter context [89].

3.2.6. Patient Positioning and Monitoring and Adaptive Planning

To guarantee consistency in online imaging, in the treatment phase it is essential that
the patient is in the same position as established in the simulation phase. The CBCT is
the most used 3D online imaging technique to verify patient positioning, despite its much
lower quality than for the planning CT images. Al allows the improvement of the CBCT
image quality using DL-based methods [91,92], thereby enabling more accurate patient
positioning. Similar approaches can be used for patient monitoring using onboard MRI,
ultrasonography, or optical surface imaging [93]. In addition, DL-based methods were used
to automatically detect gold fiducial markers before treatment [94].

During the RT delivery, patient or internal organ motion can increase the dose de-
livered to non-target tissues if motion management methods are not adopted. Al can be
used to generate patient-specific dynamic motion management models, which can improve
tumor tracking and interrupt irradiation in inadequate target positions. These algorithms
could automatically adjust for complex breathing patterns in real-time to accurately track
and predict the tumor position in advance [95]. Al models were used to predict geometric
changes occurring in head and neck cancer patients and to identify the most appropriate
treatment week for acquiring images for planning adaptations [29,96].

DL methods were also implemented to develop a complete adaptive RT strategy [29,54],
reducing the time required for other tasks [97].

3.2.7. Planning Quality Assurance, Commissioning, and Machine Performance Checks

Planning QA, metrics, and chart reviews are essential components to ensure safety
and high quality in RT treatments [98]. The advances made in OIS technology, including
“record and verify” modules, have led to a growing collection of patient data, images, and
reports. This huge quantity of information is not manageable for individuals or groups,
thus, and could potentially represent a barrier to error identification or could lead to gaps
in quality [99].

For this reason, several ongoing studies highlight the potential of Al approaches
to strengthen and speed up the QA processes, including daily metric and chart reviews
collected in the RTOISs. The recently published AAPM TG-275 report [98] lists new
recommendations for comprehensive and minimum initial chart checks, which require
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significant human resources if manually performed [100]. The development of an initial
chart check automation process for radiotherapy informative systems dramatically will
improve the practicality and efficiency of implementing the above TG recommendations,
yielding significant reductions in both manual check times (by 44-98%) and residual
detectable errors (by 15-85%) [101].

Several examples are now available on the ability of ML and DL approaches [102-104]
to distinguish introduced RT treatment delivery errors based on the collected 2D /3D data
from devices (diode or chamber arrays) available for patient-specific quality assurance
(PS-QA). In the future, patient-specific QA and machine performance prediction processes
can hopefully be fully automated.

3.2.8. Outcome Prediction

Outcome prediction is one of the major applications of Al methods, being analyzed in
about 24% of papers, mostly pertaining to ML approaches. Examples of the outcome pre-
diction areas that have been investigated include overall survival [105], progression [106],
recurrence [107], toxicity [23,108-110], biomarker identification [111], detection and classifi-
cation of tumors [112,113], mutation prediction, treatment response [114-116], patient and
risk stratification [117], and quality of life [118].

Most papers (about 60%) have focused on applying ML or DL models to clinical,
genomic, and mixed (e.g., clinical and treatment) data. For example, Rosen et al. [23]
predicted the risk of xerostomia in head and neck cancer patients, Lee et al. [108] evalu-
ated the effects of multiple single nuclear polymorphisms (SNPs) on the risk of urinary
symptoms in prostate cancer patients, Tian et al. [109] estimated the risk of fistula for-
mation in patients treated with interstitial brachytherapy for advanced gynecological
malignancies, and van Velzen et al. [110] assessed the heart disease risk in breast cancer
patients. Other examples include predictions of survival in patients with non-small-cell
lung cancer [105,119] and recurrence in salivary gland tumor patients undergoing adjuvant
chemotherapy [107]. Furthermore, Al can be used to predict treatment failure [114] or
response after individualized carbon ion RT [115] or neoadjuvant therapy [116], or to mon-
itor post-RT changes in soft-tissue sarcomas [120]. As additional examples of ML-based
applications, Tabl et al. [111] identified gene biomarkers guiding breast cancer treatments,
while Yang et al. [118] predicted the quality of life of prostate cancer patients after RT
treatment. Finally, Stenhouse et al. [121] developed an ML model to select the most critical
features impacting on the choice of an optimal brachytherapy applicator.

The remaining papers (about 40%) developed predictive models using radiomic
or dosiomic features. The radiomic and dosiomic approaches have gained increasing
interest in recent years because they allow the extraction of quantitative information
(i.e., features) from images and dose distribution information, respectively. The features
are extracted from CT, MRI, or PET images collected at baseline or during follow-up and
could be included in predictive models for the already mentioned purposes. As examples,
Li et al. [122] predicted overall survival rates in the early stages of non-small-cell lung
cancer patients, Ubaldi et al. [112] classified lung cancer stages, Osman et al. [117] stratified
risk in prostate cancer patients, Kawahara et al. detected [113] the degree of differentia-
tion in esophageal squamous cell carcinoma, and Du et al. [106] evaluated progression in
nasopharyngeal carcinoma patients without metastasis using radiomic features extracted
from CT images

Unfortunately, the number of analyzed cases is limited compared to the number of
patients treated every day, meaning a harmonization procedure is needed. The accuracy
of dose—effect models is strongly related to the volume, velocity, and reliability of the
collected data, such as for big data [99]. In addition, to build reliable models in multicentric
studies, enough data must be collected, demanding a harmonization procedure to unify
data or databases. In this context, Sleeman Iv et al. [123] and Syed et al. [124] developed
methods for automatically re-labeling structure sets names according to AAPM TG-263.
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Another example was proposed by Haga et al. [125] to standardize imaging features before
radiomic analysis.

Moreover, mobile, portable, and wearable devices might boost the collection of har-
monized data from the real world to early identify patient toxicity or outcomes [126].

3.3. Skill and Concern

Although the future of Al in radiotherapy remains undecided, these approaches in
oncology are limited by the ability of RT staff to understand the current conditions and
development in the field, the accuracy of the methods, and the direction in which they are
likely to unfold.

Five recent surveys focused on the overall aspects of the Al application, from education
to quality assurance. Among these, Batumalai et al. [127] emphasized that in treatment
planning Al improved the consistency in terms of planning optimization, productivity, and
quality, allowing the staff to focus on patient care. This positive perceived impact of Al
conflicts with the concern that it might cause a loss of skills or that there is a lack of training
to maintain the planning expertise.

The deep separation in technological availability among the developed and developing
countries is also a factor that may cause judgmental errors [128]. Data from developed
countries cannot simply be extrapolated and applied to developing countries without
expecting discrepancies. Hence, ensuring equity in data representation, keeping in mind
the geographical variations in diseases, populations, and health services, seems to be the
way forward. As with all multifactorial problems complicated by the explosion of raw
input data, there is a risk of cognitive overload [129]. Indeed, the radiation oncologist’s
evaluation is affected by the limited human cognitive capacity for using variables in the
clinical decision-making process [129,130].

On the other hand, the amount of information that computers can analyze is unmea-
surable, and in any case is far beyond the human ability to retain information for specific
clinical decisions. Therefore, Al is needed to identify early biomarkers for patient strati-
fication or outcome prediction. However, several concerns in using Al tools as a “black
box” solution have been raised by RT staff. One of the proposed methods to make ML and
DL results more acceptable in clinical practice is to allow RT staff to understand the inner
workings of the device they are using [131].

Continued education on Al is considered a priority by RT staff members, as well as
the preservation of their skills (e.g., manual segmentation ability or contour supervision),
as reported in several surveys [132,133]. Thus, the role of medical professionals in RT
departments is evolving thanks to the introduction of Al methods. Most of the staff’s work
will focus on macro-processes, namely verifying the system’s performance quality, meaning
staff competencies and education will need to change accordingly.

In this context, novel tasks and roles to pursue are already included in the core
curricula for RT staff according to the individual’s professional role [134]. Also crucial
for future implementation is that these Al tools might enable a more direct role in patient
care responsibilities for all professionals, including medical physicists, through the online
analysis of follow-up patient outcomes [135].

Caution must be observed in making decisions solely based on Al-generated informa-
tion, the accuracy of which might be limited by the paucity of training data.

The future use of Al will herald unprecedented changes in the field of radiation
oncology. Numerous discussions have prompted careful thought about Al's impacts on the
future landscape of RT, including how to preserve patient safety and how these devices
and tools will be developed and regulated [136]. Price suggested that regulatory agencies
mandate that ML developers disclose the information used in their algorithms [4].

Successful prospective validation through a large patient cohort may require academic—
industrial-multicenter cooperation while fulfilling data security and intellectual property
requirements. Cross-validated approaches among RT departments are also mandatory,
and federated learning techniques might help rapidly implement shared Al solutions in
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RT [137]. With the federated learning technique, data are stored local centers. At the same
time, models are developed from the entire cohort in a multicenter context [10].

3.4. Ethics

One of the main concerns is the ethics in using the Al approaches and their evolving
role [138].

Many Al learning methods require large datasets, which are often not available, are
very expensive, or are protected by intellectual property rights. Al algorithms need to
be extensively tested for accuracy before clinical implementation, requiring costly and
time-consuming testing. One of the main concerns is if Al fails to deliver the correct output,
who will take responsibility for the mistake? [139]. Human supervision is mandatory to
guarantee the management and control of the Al results, which might impact patients
undergoing RT through the implementation and evolution of Al over time.

4. Conclusions

Al-based tools are now on the roadmap for RT and have been applied across the
entire workflow, mainly for segmentation, the generation of synthetic images, and outcome
prediction. Several concerns have been raised, including the need for harmonization and
improvements in skill for RT staff to permit the intended use of Al tools in clinical practice
and the avoid their use as a “black box” solution.

In conclusion, strong cooperation between RT clinicians and Al experts is necessary to
develop and implement reliable and trustworthy Al tools.
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