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Artificial intelligence demonstrated its value for automated contouring of organs at risk and target
volumes as well as for auto-planning of radiation dose distributions in terms of saving time, increasing
consistency, and improving dose-volumes parameters. Future developments include incorporating dose/
outcome data to optimise dose distributions with optimal coverage of the high-risk areas, while at the
same time limiting doses to low-risk areas. An infinite gradient of volumes and doses to deliver spatially-
adjusted radiation can be generated, allowing to avoid unnecessary radiation to organs at risk. Therefore,
data about patient-, tumour-, and treatment-related factors have to be combined with dose distributions
and outcome-containing databases.
© 2019 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Breast cancer is a leading cause of cancer death in women, even
though the vast majority of patients have non-metastatic disease at
diagnosis [1]. An estimated number of 2,088,849 new cases of fe-
male breast cancer were diagnosed worldwide in 2018, repre-
senting 11.6% of all cancers, which poses a major burden on health
care economics, time, and human resources [1]. Oncology aims to
improve patient outcome, not only in terms of survival, but also by
reducing treatment-related toxicity and improving quality of life.

To assure good patient care, consensus-based guidelines are
developed to provide criteria and thereof derived quality indicators
[2]. Continued developments in basic research, diagnostics, and
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therapeutics demand an ever-growing level of knowledge and skills
that is becoming overwhelming for many health care providers.
One of the solutions to meet this challenge comes from the inte-
gration of Artificial Intelligence (AI) in medical applications.

AI is a term used to describe the mimicking by computers of
cognitive functions that we associate with human thinking pro-
cesses, including learning and problem solving [3]. Currently, it has
applications in several fields including electronics, mathematics,
statistics, computer science, biology, neural network, game theory,
linguistics, robotics, internet, humanities research, and progres-
sively enters the field of health care [3].

Already in ancient times, philosophers engaged in the idea of
charming machines assisting humans in decision-making. Early
advances included developments in language understanding,
translation, theorem proving, and knowledge-based systems aimed
to assist in problem-solving by incorporating continuous inflow of
information from difference sources [4].

A subset of AI including the advanced automation of machine
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learning (ML) e incorporating big data to assist in decision-making
processes e was presented to the medical community over six
decades ago [5,6]. As these developments were challenged by
limited technological means, it evolved from a promising field of
fantasies, possibilities, demonstrations, and promise [4], to a subject
of scepticism and lack of funding, known as The Winter of AI [3].

AI is introduced in health care to assist providers, for example to
help define the most appropriate treatments, in the field of
oncology [7]. AI is expected to take a pivotal role in future de-
velopments of medical fields that are mainly dependent on tech-
nology and imaging, including radiation oncology (RO), without
obviating the role and human aspects of involved health care
providers. As a subset of ML, deep learning (DL) is based on artificial
neural networks and is able to automatically extract hierarchical
features of multiple source data to use them in different clinical
applications, including imaging, volume contouring, and treatment
planning [8,9]. AI and DL are progressively integrated in breast
cancer diagnosis including imaging and pathology [10]. Data from
multiple sources (mammography, ultrasound, CT, MRI, pathology,
surgical reports, radiation therapy, follow-up imaging) are pro-
cessed by bioinformatics technology to predict outcomes and to
guide multidisciplinary therapeutic approaches, including radia-
tion therapy (RT). Risk assessment algorithms, using information
on geometrical, temporal, and spatial variations of recurrence risks
as well as on toxicity and cosmetic outcomes will be integrated to
guide treatment planning algorithms, to optimise treatment
choices, and e thereby e outcomes [11].

We aim to discuss expected developments in AI for breast
cancer patients, focusing on the RO treatment planning process,
including the optimisation of dose distribution based on spatial
patterns of loco-regional relapses, and the assessment of clinical
outcome prediction models.

2. AI in breast cancer RT planning

The preparation of actual RT delivery involves several steps that
use data from multiple sources, including images, treatment pre-
scription algorithms, and dose-volume parameters for target vol-
umes and organs at risk (OARs). While the human component is
essential to guide this process, most steps of this workflow contain
repetitive tasks that are time-consuming and prone to errors as
well as intra- and inter-observer variability (Fig. 1). Currently
available AI technology is progressively being introduced to assist
the radiation community to improve this important part of breast
cancer care.

2.1. Automated target volume contouring

In contrast to primary tumours such as head & neck and lung
cancer, target volume contouring methods for breast cancer are still
mostly based on conventional field-based and 2-dimensional RT
treatment techniques [12]. However, modern RT should be based
on anatomical definitions of target volumes, taking into account the
actual loco-regional recurrence risks, to individualise treatment
planning and to optimise dose distributions minimising doses to
OARs, such as heart and lungs [13]. Even though contouring targets
within a predefined set of volumes is a straightforward easy task,
the process of anatomically individualised targets contouring is
highly demanding in terms of time and expertise, mostly due to the
high burden of breast cancer patients in RT departments. Therefore,
adopted solutions included delegation of routine contouring to
radiotherapy technologists (RTT) and automated segmentation al-
gorithms’ use.
Auto-segmentation was originally used for OARs contouring
recognisable by a distinct tissue density, including liver, lungs,
spinal cord, and kidneys. Later, atlases for volume contouring of
normal tissue have been integrated in more advanced auto-
contouring systems [14]. For auto-segmentation of target vol-
umes, either distinct tissue densities (like lung cancer surrounded
by normal lung tissue) and/or well-defined contouring atlases (first
available for head & neck cancer) are required [15]. Recently eval-
uated software used atlas-based segmentation (ABS), alone or in
combination with model-based segmentation (MBS) [16e18]. Both
ABS and MBS were integrated in ML methods [19], referred to as DL
[20,21], to continuously improve automated target volumes con-
touring [22,23].

These DL algorithms used neural networks to identify and
generate contouring patterns to be combined with information
from multiple sources, in order to generate volumes on CT-images
that can subsequently be validated for RT dose planning by the
physician. DL-based contouring has beenwidely explored in head&
neck, lung, and prostate cancer, showing important benefit in terms
of time-sparing combined with an improved inter- and intra-
observer contouring variability [17,24e29].

It is worth spending time validating the atlas contours, since an
ABS/MBS systemwill never work if local contouring practices differ
from those used to define the atlas [16]. Automated contouring
using AI through DL algorithms for breast cancer has not been
widely introduced in clinical practice yet, although several pub-
lished experiences showed how it could significantly reduce con-
touring variation among physicians, even in case of different
patient body shapes and treatment positioning [30e32]. Pre-
segmented contours using deformable registration software are
based on a patient model with a consensus contour definition
[22,33]. Poor agreement for the delineation of small-sized volumes
e including the interpectoral and internal mammary nodal regions
and the left anterior descending coronary artery e was demon-
strated using ABS-based auto-segmentation [31]. Ciardo et al. [34]
analysed the efficacy of ABS with simultaneous performance level
estimation (STAPLE algorithm), showing poor performance of ABS
alone particularly for the oesophagus, stomach, brachial plexus,
and supraclavicular nodal contouring, with an improved perfor-
mance when adding the STAPLE algorithm [18].

As the quality of auto-segmentation is largely dependent on the
algorithms used and the information fed into the system,
improving data entered to the system by high-numbers of high-
quality delineations with less variability will improve its perfor-
mance. Improving physician’s contouring skills by participating in
dedicated courses, such as those offered by the European SocieTy
for Radiotherapy & Oncology (ESTRO) - FALCON (Fellowship in
Anatomic delineation and CONtouring) [35], and gaining experi-
ence with internationally endorsed atlases [13,36e38], is essential
for improving DL and auto-segmentation skills. Experience and
anatomical knowledge is also required to supervise the outcome
and to individualise contouring for each patient. Therefore, the final
touch of the contouring process will remain a human-based, with
technology in a supportive role.

New promising AI technologies are being developed to highly
train radiation oncologists. Mak et al. [39], organising a contest for
an international community of programmers, demonstrated that
combined crowd innovation with AI led rapidly to automated al-
gorithms able to replicatemanual lung tumour segmentations of an
expert radiation oncologist. As these developments are finding
their way to routine applications, it is time to facilitate this process
by delineating all target volumes in breast cancer using common
atlases [13,38], both to gain experience and to improve our skills, as



Fig. 1. Target volume contouring variation. A: CT-slice of left breast cancer patient; B: Contouring by participants to course; C: Contouring according to guidelines by teacher.
Yellow ¼ CTV breast; blue ¼ primary tumour bed; red ¼ CTV boost. . (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of
this article.)
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well as to feed the models for auto-segmentationwith high-quality
data.
2.2. Automated treatment planning

Radiation treatment planning is based on a specified dose pre-
scription per target volume coverage and constraints for the OARs.
Overall, computer software algorithms are used to optimise dose
distributions based on predefined set-up techniques (like scripts)
mixed with treatment planner’s expertise, often leading to a
compromise between targets coverage and OARs sparing. This
process of RT planning is time-consuming due to a significant
number of manual steps and numerous iterations that are neces-
sary for dosimetric optimisation. It involves RTTs, dosimetrists,
medical physicists, and physicians [40]. A lack of uniform working
procedures exists within different tumour sites. Therefore, signifi-
cant gains in time and quality could be obtained by using stand-
ardised procedures and scripts.

Recently, AI-based technology was introduced for automated
treatment planning [41e45], showing very promising clinical ap-
plications for several treatment sites and technical modalities.
Mathematical algorithms for knowledge-based treatment planning
and quality assurance with few manual interventions were applied
[46e48] to predict achievable dose distributions for an individual
patient’s anatomy and dose prescription based on a database of
high-quality treatment plans. Several ML methods, including sup-
port vector regression with principal component analysis, voxel-
wise dose prediction/optimisation, and knowledge-based iso-
doses manipulation, were used to create optimised dose distribu-
tions [42,46,49].

The use of AI for breast cancer treatment planning using auto-
mated treatment planning methodology for intensity modulated
radiation therapy (IMRT) was evaluated at the Princess Margaret
Hospital [50,51]. The authors showed an increase in clinical
acceptance, and an improved quality and efficiency as compared to
the current treatment planning process, allowing faster adoption of
modern treatment for breast cancer patients. Promising results for
treatment planning of the breast combined with the nodal regions
are obtained using volumetric modulated arc therapy (VMAT) [52].
The authors obtained a good quality of the obtained dose distri-
butions, comparable to manually prepared treatment plans, with
substantially shorter total planning times: average 163 ± 97 and
33 ± 5 min for manual and automated plans, respectively, with
approximately 130 and 5 min of user interaction. Marrazzo and
colleagues used automated treatment planning for patients treated
with accelerated partial breast irradiation using VMAT [53]. They
observed a statistically significant improvement in PTV coverage
compared to manual treatment planning, without a difference in
OAR doses.

While AI applications in treatment planning shows very prom-
ising first clinical applications, simplifying the optimisation process
and sparing time and resources required for treatment planning,
expert verification with eventual manual intervention remains
needed, as for automated-contouring.
3. Future perspectives: exploiting spatial distribution of
breast cancer recurrences

The use of AI to guide treatment prescription primarily consists
of assisting in the individualising of the therapeutic approach to
every single patient. Models integrating clinical and pathological
findings, imaging, treatment, and outcome data were presented
more than 5 years ago [54]. Tumour-site dedicated algorithms in
combination with modern RT approaches enable to individually
adapt dose-volume parameters to the distribution of recurrence
risks. For this, the identification of high- and low-risk areas for local
(LR) and loco-regional recurrence (LRR) are required. This should be
based on a combination of parameters including individual patient-
related factors (e.g., age, comorbidity, body habitus, anatomy),
disease-related factors (e.g., initial tumour location within the
breast, type of surgery, stage, pathology, biomarkers), treatment-
related factors (e.g., extent of surgery, systemic treatments).
These data should be matched to parameters derived from trial as
well as general population big data sources.
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3.1. Local recurrence

Two fundamental studies that guided the understanding of the
distribution of LR were the Milan [55] (n ¼ 701) and the NSABP-06
[56] (n ¼ 1851) trials, both reported at 20-year follow-up data.
Mastectomywas compared to breast-conserving surgery (BCS) plus
radiation, with the NSABP-06 trial having a third arm of BCS alone
[56]. The probability of tumour recurrence was significantly higher
in the BCS group (8.5%) as compared to the mastectomy group
(2.3%) [55]. Similarly, the LR rates in the NSABP-06 [56] were lowest
in the mastectomy group (10.2%, as first event) as compared to BCS-
alone (39.2%) and BCS plus RT (14.3%) [56]. In case of BCS, the
tumour bed represents the most frequent site recurrences. A later
publication from Veronesi’s group [57] described the sites of LR in
2784 patients who underwent BCS and RT. These data were sup-
ported by several studies showing that in-breast recurrences occur
mostly near or at the original tumour site (around 70%) [58e60]. In
case of mastectomy, the residual glandular tissue, the skin (T4
stages), and the subdermal lymphatics anterior to the pectoralis
muscles are most at risk for LR. A systematic review of surgical
series with detailed analysis of chest wall recurrences of 278 pa-
tients reported that between 72 and 100% of LR are within the skin
and subcutaneous tissues anterior to the pectoral muscles
[59,61e66]. Residual breast glandular tissue can be found in a
significant number of patients (around 20%) and varies according to
the surgical procedure [67,68]. A postmastectomy MRI study re-
ported that up to 50% of the patients who underwent nipple-
sparing procedures had residual glandular tissue (most retro-
mammillary region) as compared to 13% of the patients who un-
derwent skin-sparingmastectomy (most lateral breast border) [67].
Another postmastectomy MRI study of patients who underwent
implant-based breast reconstruction reported more residual tissue
in the cranial and caudal directions as compared tomedial or lateral
[68].

Spatial distribution of recurrences after both BCS and mastec-
tomy mostly concerns high-risk areas (glandular tissue, skin, sub-
cutaneous lymphatics). Less frequently recurrences may occur
within the pectoral muscles, intercostal muscles, and ribs [59].
Clinico-pathological predictive factors for recurrences include age,
tumour stage, molecular subtype (luminal-A < luminal-B < HER2
positive < triple negative), lymph vascular invasion, ductal carci-
noma in situ (DCIS) component, and lymph nodes involvement
[55e57,66,69,70]. Treatment-related factors include endocrine
therapy in ER-positive, targeted anti-HER2 treatments in HER2
positive, and chemotherapy mostly for triple-negative disease.

3.2. Locoregional recurrence

Chang and colleagues [59,66] elaborated a three-dimensional
map to illustrate the distribution of LRR. Axillary lymph node
level 4 (formerly called supraclavicular) was the most common
recurrence site (33.8% of all lesions), all being located within 6 mm
cranial to the subclavian artery. Other regions of axillary lymph
nodes failure were in level 1 (28.3%), level 2 (14.3%), and level 3
(8.9%) [59,66]. Most internal mammary node (IMN) relapses
occurred in the upper three intercostal spaces [59,66]. The proba-
bility of IMN involvement is related to the primary tumour location
and the involvement of the axillary nodes [71e74]. Other clinico-
pathological predictive factors for LRR include age, nodal tumour
burden, molecular subtype, tumour grade, lymph vascular invasion,
and extracapsular extension [66,75,76].

3.3. Tissue characterization

Tissue characterization for breast cancer risk assessment is
currently being developed based on computer-extracted charac-
teristics of breast density and parenchymal patterns related to
breast cancer risk factors. Using radiomic texture analysis, Li et al.
[77], found that women at high risk for breast cancer have more
dense breasts. Based on this, DL is now being explored to combine
data on breast density with parenchymal characterization, relating
patterns through a neuronal network architecture to groups of
women using surrogate markers of risk [78e80].

In several tumour types, disease genomics and proteomics can
be used to predict response to systemic therapy and prognosis.
However, tumour genetics data are not currently in use to guide RT.
In a recent publication, Scott and colleagues [81] developed a tool
for genomic-adjusted radiation dose (GARD), a model to individu-
ally adapt the prescription of RT based on a 10-gene expression
profile and the linear quadratic model. This algorithmwas based on
the Radio-Sensitivity Index (RSI) [82]. The authors used the given
RT dose considering the RSI and the linear-quadric model to
calculate the GARD, and correlated it with the oncological out-
comes in relation to the RT doses given. Having tools like the GARD
to assist the decision-making regarding the RT dose may lead to
significant changes in our treatment approach and outcomes [83].

4. Discussion

The authors do believe that AI in the radiation oncology field
could now play a crucial role in predicting recurrences, since
nowadays we probably have enough data to feed the DL algorithms.
Further steps for AI in breast cancer RT planning will be optimising
dose distributions to individualise prescription according to the
spatial location of LR and LRR, and e in the near future e to tumour
genomics (such as the GARD) (Fig. 2). In order to incorporate
available data to achieve appropriate coverage of high-risk areas
and to de-escalate doses in low-risk areas to avoid potential
toxicity, we strongly need fast implementation of DL methods,
neuronal network for automatic segmentation, deformable regis-
tration, response-adaptive clinical decision-making, refined imag-
ing generation tools, and toxicity prediction models [84e89].

During the last twenty years, few prediction models have been
developed and partially validated to personalize non-metastatic
breast cancer systemic treatments, including the Adjuvant! On-
line and PREDICT tools [90e93]. Adjuvant! Online was developed
using the Surveillance, Epidemiology and End-Results (SEER) reg-
istry to predict the 10-year risks for recurrence, breast cancer
specific-mortality and mortality due to other causes, considering
the expected benefit of postoperative systemic therapies [90].
PREDICT was developed using cancer registry data from the United
Kingdom and predicts 5-year and 10-year overall survival for in-
dividual breast cancer patients, providing the expected benefits of
chemo-, endocrine- and target-therapy [91,92]. However, these
statistical models e where a preconceived structure is imposed on
the relationship between predictors and outcomes e cannot be
considered AI applications, where e conversely eML lets the data
speak.

Moreover, only limited research data about predictive models
specifically related to the outcomes of RT for breast cancer patients
is available. Van Werkhoven and colleagues [94] developed a
nomogram to predict the 10-year LR risks after BCS plus RT without
or with a boost to the primary tumour bed based on the data from
1603 patients from the EORTC boost-no-boost trial. The nomogram
included seven factors, such as young age, the presence of DCIS, and
the omission of a boost as the most important risk-increasing fac-
tors (http://research.nki.nl/ibr/©2012, NKI/AvL). It provides a tool
to estimate both the risk of ipsilateral breast relapse and the
development of moderate or severe fibrosis. It may hereby assist in
decision-making for the use of a boost in individual patients based

http://research.nki.nl/ibr/


Fig. 2. Artificial Intelligence infographic showing how a large data set containing patient-, tumour- and treatment-related parameters can be processed to optimise risk-adapted
radiation therapy dose distributions. Illustration made by Alon Person, using Adobe Illustrator cc 2019.
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on the balance between the reduction of LR vs. a higher risk for
fibrosis and thereby a less optimal cosmetic results [94].

5. Conclusions

Although theWinter is over for applications of AI, ML, and neural
networks in the era of precision medicine ande particularlye in the
field of radiation oncology, we can e at this moment e just talk
about an early budding phase of the first trees in spring (Fig. 2). We
do not expect that human knowledge and experiencewill be totally
replaced by AI-based applications, that could rather represent an
effective supportive tool in diagnosis, treatment planning, and
prediction of side effects and outcomes. The optimisation and
individualization of dose distributions in treatment planning for
breast cancer is just one of the current development directions of
these new technologies. The needs for big data sources, including
detailed data of radiation therapy delivery combined with out-
comes, requires collaboration at national and international level to
set up large cancer networks sharing both costs and benefits of
these exciting new developments.
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