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The Breast Cancer overall survival rate has raised impressively in the last 20 years mainly due to
improved screening and effectiveness of treatments. This increase in survival paralleled the awareness
over the long-lasting impact of the side effects of treatments on patient quality of life, emphasizing the
motto “a longer but better life for breast cancer patients”. In breast cancer more strikingly than in other
cancers, besides the side effects of systemic treatments, there is the visible impact of surgery and
radiotherapy on patients’ body image. This has sparked interest on the development of tools for the
aesthetic evaluation of Breast Cancer locoregional treatments, which evolved from manual, subjective
approaches to computerized, automated solutions. However, although studied for almost four decades,
past solutions were not mature enough to become a standard.

Recent advancements in machine learning have inspired trends toward deep-learning-based medical
image analysis, also bringing new promises to the field of aesthetic assessment of locoregional treat-
ments. In this paper, a review and discussion of the previous state-of-the-art methods in the field is
conducted and the extracted knowledge is used to understand the evolution and current challenges. The
aim of this paper is to delve into the current opportunities as well as motivate and guide future research
in the aesthetic assessment of Breast Cancer locoregional treatments.

© 2019 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

According to Globocan, 2018 witnessed about 2.1 million new
breast cancers (BC), accounting for almost 1 in 4 cancer cases
among women [1]. BC is the most frequently diagnosed cancer in
the majority of the countries worldwide and is also the leading
cause of cancer death in over 100 countries. However, BC is an
increasingly treatable disease, and 10-year survival now exceeds
80% in most high-income countries. Given this high rate, survi-
vorship issues have become a critical concern, especially the ones
with impact in long lasting patient Quality of Life (QoL). The
locoregional (LR) treatments for BC (surgery and radiation therapy)
are undertaken by the majority of BC patients and usually have a
doso).

s article under the CC BY-NC-ND li
significant impact on body image. In case of a poor aesthetic result,
women will have to live with the potential disfiguring aesthetic
consequences of their LR intervention. Both treatments, surgery
and radiotherapy, can individually impact the aesthetic outcome
and, when combined, there is usually an added effect that will
eventually worsen the final aesthetic outcome. In general, it is
estimated that 30% of all women submitted to LR treatment have a
fair/poor aesthetic outcome with the consequent negative impact
in psychosocial recovery and QoL [2].

Concerning LR treatments - besides the oncological criteria (re-
interventions, recurrences), there are not standard available tools
to evaluate the quality/impact regarding aesthetic outcome.
Nowadays, due to better screening and optimized treatments,
locoregional recurrences and reinterventions have almost univer-
sally attained the optimal goals, but aesthetic results need also to be
improved as a way to guarantee a better QoL and also as a standard
measure to allow Breast Units to audit outcomes and improve LR
cense (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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approaches whenever needed.
As an example, classic breast conservation surgery, according to

EUSOMA, should represent 70e80% of surgeries for small breast
cancers until 3 cm and reinterventions in these cases should not
exceed 10% [3,4]. To be granted certification, all European accredi-
ted Breast Units must fulfill these mandatory criteria. However, it is
easily understood that these values are more frequently attained if
larger resections are undertaken, with a subsequent higher nega-
tive impact on aesthetic outcome, as asymmetry will be a detri-
mental feature in these cases. On the other hand, a more limited
approach can be at risk of having a higher reintervention rate due to
closer margins but will most probably result in better aesthetic
outcomes. This fundamental balance between a cleaner resection
and a better aesthetic result is a key issue and still very difficult to
evaluate due to the lack of a reliable evaluation method (Fig. 1).

Many methodologies have been proposed and studied for the
purpose of aesthetic evaluation, which are mainly patient-based
[5,6], expert-based [7], and the so-called objective protocols [8,9].
However, none of the methods is recognised as a gold standard.

This research topic has now reached a turning point that de-
serves to be addressed and discussed. Researchers have recently
started to explore diverse deep learning methodologies, which
bring significant improvements in robustness, but also raise new
challenges regarding data availability. At this turning point, this
paper aims to showcase the evolution and current landscape of
methods for aesthetic quantification of the LR treatment for BC.
After presenting the most significant advances in aesthetic
assessment, that deep perspective is used to discuss the most
relevant challenges and the most promising future opportunities
regarding research.
2. The path already taken

Intuitively, self-assessment through Patient Reported Outcome
Measures (PROMs) should be the most valued form of evaluation of
aesthetic outcome; unfortunately, in spite of being a valuable
measure of patient satisfaction, and hence very important, it has
very low reproducibility values when compared to other evaluation
methods due to the lack of knowledge patients have about how
they are expected to look by the end of treatment and also due to
personal factors that can have an impact on this evaluation [10].
Fig. 1. The balance between optimal on
Although there is an undeniable truth residing in the fact that the
most important outcome should be evaluated by the patient her-
self, to use this type of evaluation that is inevitably biased would
never allow a true evaluation of results, making any analysis and
eventual quality control virtually impossible (Fig. 2).

Trying to overcome the self-assessment problems, the intro-
duction of aesthetic evaluation by experts, through patients’ pho-
tographs, has also been frequently used [11,12], especially when a
new technique of LR treatment needs to be evaluated. Although a
step forward, and frequently used as the gold-standard evaluation,
in the absence of a better one, it is still very time consuming,
expensive and also presents low to medium reproducibility values
[13].

The introduction of objective methods was started by Pezner
et al. [14]; in 1985, with the first objective measure to evaluate
asymmetry, one of the most important aspects of aesthetics: Breast
Retraction Assessment (BRA). The reinforcement of the importance
of objective measures was also a significant contribution from this
author, with the demonstration that observer consensus of
aesthetic outcome is difficult to obtain. This line of thought was
followed by other authors, who contributed with new measure-
ments to value mainly asymmetry:Limbergen et al. [15] proposed
two new asymmetry measurements, the Lower Breast Contour
(LBC) and the Upward Nipple Retraction (UNR); Tsouskas & Fenti-
man [16] described the Breast Compliance Evaluation (BCE), which
is the difference between the distance from the nipple to the Infra-
Mammary Fold (IMF). Although all these works defined measures
that could be “objectively” computed from the photograph of the
patient, the measures were manually extracted (and therefore not
completely independent from the user). Moreover, the measures
were related to the asymmetry impact on the aesthetic result,
leaving all other factors outside the analysis.

The last decade of the twentieth century also witnessed the
introduction of attempts to enrich the collected data with multiple
views of the patient [17], special cameras - telecameras [18], 3d
scanners [19] and Moir�e topographic [20] in order to facilitate the
aesthetic evaluation. However, the benefits of using more infor-
mation were offset by the cost and the complexity of the data
acquisition process, leaving the single frontal image as the
preferred acquisition protocol for the aesthetic assessment [21,22].
Nevertheless, 3D imaging can provide a stronger starting point than
cological and aesthetic outcomes.



Fig. 2. The variability of patient self-evaluation.

Table 1
Examples of the dimensionless asymmetry measures [26]. ðX1; Y1Þ and ðX2;Y2Þ are
the coordinates of both nipples (using the sternal notch as the centre of co-
ordinates); NI1 and NI2 are the nipple to infra-mammary fold distances.

Original measure Dimensionless measure

BRA
pBRA ¼ BRA

0:5ð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X2
1 þ Y2

1

q
þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
X2
2 þ Y2

2

q
Þ

LBC
pLBC ¼ LBC

0:5ðY1 þ NI1 þ Y2 þ NI2Þ
BCE

pBCE ¼ BCE
0:5ðNI1 þ NI2Þ

UNR
pUNR ¼ UNR

0:5ðY1 þ Y2Þ
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conventional photography for physics-based models that may be
beneficial for surgical planning and supporting physician-patient
communication [23].

The first decade of the twenty-first century witnessed the
softwarization of the solutions [24,25]. In particular, the first two
computer programs developed specifically for the LR aesthetic
assessment were presented almost simultaneously, BCCT.core and
BAT (Fig. 3).

The development of BCCT.core also brought with it the adoption
of machine learningmethodologies to integrate disparatemeasures
into a global assessment of the aesthetic result [26]. In such (which
are now thought of as shallow) machine learning approaches, en-
gineers do not need to be concerned with constructing precise and
exact rules to combine the multiple measures. Instead, they focus
on statistical models or simple neural networks as an underlying
engine and then automatically learn or ‘tune’ the parameters of the
engine using the past data to make them handle uncertainty and
generalize well for yet to be seen patients. These approaches
require historical data, a rich set of photographs of patients, each
individually evaluated by (a panel of) expert(s). These influential
works adopted a Delphi Panel procedure to reach a consensus and
guide the machine learning process [13].

Still, in the first decade of the 2000s, another line of efforts
tackled the automation of the detection of fiducial points in the
photograph to support the computation of the measures, allevi-
ating the dependency on the user to achieve the overall assess-
ment. Themost relevant anatomical landmarks include the nipples,
breast contours (with particular emphasis in the endpoints) and
incisura jugularis [27e30]. Although full automation was not ach-
ieved, the process was much less dependent on the user, often
requiring only minor corrections. Once these marks were in place,
the process flows transparently, with the computation of several
Fig. 3. Screenshots of the first two computer pr
measures and their combination in the overall assessment.
It is also worth to emphasize a change that simplified the

acquisition process. Initial measures, like BRA and LBC, are quan-
tities to which a physical dimension is assigned with a corre-
sponding unit of measurement. To be properly recorded, they
require a known scale to be present, enabling the conversion from
pixels in the digital photograph (or units in the analogue photo-
graph) to the true physical dimension. Thus, dimensionless quan-
tities, which are based on ratios, were introduced to dismiss the
need for the scale and therefore simplify the evaluation process
[26].

An additional bonus related to these dimensionless quantities
was that they were defined to dismiss the need to knowwhich was
the treated breast, further facilitating the full automation of the
process, see Table 1.
ograms for the aesthetic assessment of LR.



1 https://www.synapse.org/Digital_Mammography_DREAM_Challenge
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3. The steps being taken: from handcrafted to deep-learning-
based methodologies

The recent artificial intelligence (AI) breakthroughs achieved
with deep learning have also reached this field. The machine
learning traditional workflow is typically based on extracting pre-
designed features (also referred to as handcrafted or engineered
features) from the patient photographs. For instance, BCCT.core
algorithm relied on handcrafted measures like BRA to estimate the
overall aesthetics. The algorithm did not learn that BRAwas indeed
useful for the aesthetics’ evaluation, it was predesigned by an
expert. This feature engineering is a bottleneck requiring significant
human expertise. By limiting the model to the use of handcraft
features, one may be missing the integration of information not
captured by the handcrafted features but still relevant for the
aesthetic outcome.

Without any preconception about how to construct features
relevant to the aesthetic evaluation, deep learning breaks away the
aforementioned difficulties by the use of a deep, layered model
structure, often in the form of neural networks, and the associated
end-to-end learning algorithms. With deep learning, the feature
extraction and analysis parts are fully coupled. The algorithm
learns, directly from the image, to compute features and to use
those features in the analysis of the aesthetic result. Feature con-
struction and prediction are now unified in a single process.

Deep keypoint detection [31] relies on a cascaded refinement of
the keypoint position to achieve high precision position estimation,
as shown in Fig. 4. The architecture of the proposed model com-
prises two main modules: regression and refinement of heatmaps,
and regression of keypoints. The goal of the first module is to
generate an intermediate representation consisting on a fuzzy
localization (yellow highlighted in Fig. 4) for the keypoints wewant
to detect. The second module receives and refines this fuzzy
localization, outputting the x and y coordinates of the keypoints.

The proposed method was designed and compared with base-
line algorithms on more than 200 photographs, properly splitting
the data in independent sets for training and testing. Significantly,
the method with the best performance was a hybrid model con-
sisting on the detection of the endpoints, nipples and supra-sternal
notch using the deep model and finding the breast contour using a
canonical approach based on the computation of the shortest path
in a graph.

The next logical step is to improve the overall aesthetic evalu-
ation also resorting to deep learning. A simple deep learning
approach will try to learn automatically everything from the data/
photographs, including the best set of attributes (distances, textural
differences, etc.) that best capture the factors relevant to the
aesthetic outcome. Since the datasets in the field are still strongly
limited, one can facilitate the learning by using some prior
knowledge about the problem. So, instead of having the model
freely learning the attributes from the photographs, one can give
preference for intermediate representations that approximate
classical quantities like BRA, known to be strongly correlated with
the aesthetic outcome (Fig. 5). The final stage of the model is trying
to reliably evaluate the aesthetic outcome (and that is themain goal
of the model), the intermediate layer is biased to approximate one/
several of the classical attributes.

One of the most significant limitations of deep learning algo-
rithms is the lack of transparency. This means that these models’
internal logic and inner workings are hidden to the user, which is a
serious disadvantage, as it prevents a human, expert or non-expert,
from being able to verify, interpret, and understand the reasoning
of the system and how particular decisions are made. The first
incursion in explaining the automatic aesthetic assessment has
already been made [32,33], promising accountability for future
certified Breast Units (and also with applications in teaching, etc.).
Fig. 6 illustrates a case under study, the automatic evaluation by the
AI algorithm, and some tentative, automatically generated, expla-
nations of the assigned class.

4. An outlook for upcoming technology

There is a definite conviction that objective methods will play a
central role in assessing breast surgery procedures and in future
Breast Units. The recent recommendations are pointing in that di-
rection [34] and the traction that BCCT.core is gaining in the
research community [35,36] support this view. Although several
challenges impede bringing aesthetic evaluation into daily clinical
practice now, it is expected to be a critical component in future BC
management workflows.

Some needs are likely to be satisfied in the near future as they
are the corollary of current efforts. The full automation of the
process with high accuracy will bring efficiency and user inde-
pendence to the process. The current deep based approaches,
supported in large sets of past data, are likely to attain this goal.
Although the full integration in current Hospital Information Sys-
tems is not foreseen in the near future, the deployment of the tools
of aesthetic assessment as web applications or cloud services may
facilitate the widespread adoption. The softwarization in the 2000s
was an important landmark, with software developed specifically
for the task, but it provided only desktop applications. While a
desktop applicationmust be installed on the computer before it can
run, web applications allow us to access it on demand by using a
web browser, not requiring installed software. Furthermore, they
can be accessed on any device with internet connection, providing
maximum accessibility with minimal system requirements. Web
development tools are nowadays much more mature than 10 years
ago, making the engineering task a lesser effort. Although concerns
with security and privacy in e-health cloud-based systems are
justified, solutions exist to properly secure health data in the cloud
[37,38].

Despite all the progress in the field, there is still a lack of big data
and extensive international studies. For example, Silva et al. [39]
have developed a deep neural network for skin lesions classifica-
tion using a dataset of 129450 clinical images. Efforts of similar
dimension can be found in other medical domains. It is funda-
mental to set up and populate a sizeable interoperable repository of
photographs of breast cancer LR treated patients, enabling the
development, testing, and validation of AI-based solutions to
improve aesthetic evaluation and overall quality of life follow-up.
Following current trends, the platform should promote access to
anonymised image data sets to be made more openly reusable
across the globe for developing AI solutions. The Dialogue on
Reverse Engineering Assessment and Methods (DREAM) initiative
recently hosted an open crowd-sourced Digital Mammography
(DM) DREAM challenge1 to foster the development of algorithms
for the detection of cancer in screening mammography, and to
objectively determine by blind evaluation whether machine
learning methods applied to data from mammography exams can
improve screening accuracy. Similar endeavours in the aesthetic
evaluation could have a massive impact in the field.

While the focus has been in the aesthetic outcome evaluation
for breast conserving surgery, similar concerns about aesthetic
assessment exist for related populations, such as the minority of
women who require total mastectomy and may desire recon-
struction. Additionally, new surgical techniques, as well as new
forms of delivering loco-regional radiation therapy, remain

https://www.synapse.org/Digital_Mammography_DREAM_Challenge


Fig. 4. Deep keypoint detection. CNN stands for convolutional neural network. VGG is a specific CNN developed by the Visual Geometry Group of Oxford, which achieved very good
performance on the ImageNet dataset. The authors use the VGG as a building block in the model.
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unexplored. Due to the introduction of plastic surgery techniques
into the BC surgery arena, a large number of new surgeries have
been generalized without a proper evaluation tool. There is an
almost absolute lack of knowledge of the aesthetic outcome of
these surgeries as well as its impact on patients’ QoL. At almost the
same time, new radiation therapy techniques were also introduced,
and again, there is a heterogeneous evaluation of their impact,
either per se or associated with the different surgical operations
previously referred. The correlation of this aesthetic outcome with
patients QoL is also not standardized and very difficult to evaluate
due to the vast diversity of available tools. Although the different
surgical procedures and radiation therapy techniques require spe-
cific models to evaluate aesthetics, they all share properties that
can be explored to improve the model design. In the machine
learning community, transfer and multitask learning focuses on
building better predictive models by exploiting knowledge gained
in previous/related tasks, which allows for the softening of the
traditional supervised learning assumption of having identical
train-test distributions [40]. These methodologies can help us to
build on top of the present efforts for LR surgeries, adapting the
models for the aesthetic evaluation to the vast offer of BC
treatments.

Finally, this journey towards more objective methods excluded
patient self-assessment from the evaluation process, leading to a
division in the community. It is still not totally understood why
patients’ evaluation is different from expert evaluation and objec-
tive evaluation of results. A first reason is related to the fact that
aesthetic evaluation is dependent on many individual (psycholog-
ical, physical, social, and cultural) factors that can impact on how
the patients see the results. The other reason, less explored, has to
do with the patients’ usual absence of knowledge on the resulting
outcome. Confronted with the fear of cancer and the fear of losing
the breast, they usually tend to be more benevolent with worse
aesthetic results and evaluate themselves better. It seems funda-
mental to unite these two perspectives of QoL, researching
methods for the evaluation of the aesthetic outcome of BC treat-
ments integrating objectivemethods and significant factors derived
from patient input.



Fig. 5. Potential deep architecture to predict the overall aesthetic result.

Fig. 6. Illustration of the explanations. The authors Silva et al. [32,33] considered only a binary decision and the corresponding explanations.
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5. Conclusion

While the EU is fighting the battle of Breast Units certification,
creating quality indicators mainly related to overall survival (OS)
and breast cancer specific survival (BCSS), it seems incongruent not
to have a proper evaluation of these important parameters of
outcome that will allow comparison of results between Breast Units
and correction of factors responsible for worst results and will also
allow patients to fight for better care by choosing units with more
consistent and favourable results. In the European Society of Mas-
tology (EUSOMA) quality indicators review of 2017, there is still no
reference to any form of aesthetic evaluation of results. This is
possibly the consequence of none of the discussed methods being
recognised as a gold standard, and the European Organisation for
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Research and Treatment of Cancer (EORTC) still advises a combi-
nation of methods for this evaluation (self-evaluation þ subjective
panel assessment þ objective measurements). Unfortunately, with
the current numbers of incident BC cases, this is neither practical
nor feasible. The current rise of AI, propelled by the new paradigm
of deep-structured machine learning or deep learning, seems to
offer the tools that were missing to achieve the accuracy and
automation to convince the community. The striking successes in
speech recognition, computer vision, and machine translation e

completely taken over by the deep-learning paradigm e give us a
set of reasons to approach the task with confidence.

Declaration of competing interest

There are no identified conflicts of interest.

Acknowledgements

The second author acknowledges the funding from the Portu-
guese funding agency, FCT - Fundaç~ao para a Ciência e Tecnologia
through the Ph.D. grant number SFRH/BD/139468/2018.

References

[1] Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. Global cancer
statistics 2018: Globocan estimates of incidence and mortality worldwide for
36 cancers in 185 countries. CA A Cancer J Clin 2018;68:394e424. https://
doi.org/10.3322/caac.21492.

[2] Hill-Kayser C, Vachani C, Di Lullo G, Metz J. Cosmetic outcomes and compli-
cations reported by patients having undergone breast-conserving treatment.
Int J Radiat Oncol Biol Phys 2012;83. https://doi.org/10.1016/
j.ijrobp.2011.08.013.

[3] Rosselli Del Turco M, Ponti A, Bick U, Biganzoli L, Cserni G, Cutuli B, Decker T,
Dietel M, Gentilini O, Kuehn T, Mano M, Mantellini P, Marotti L, Poortmans P,
Rank F, Roe H, Scaffidi E, van der Hage J, Viale G, Wells C, Welnicka-
Jaskiewicz M, Wengstom Y, Cataliotti L. Quality indicators in breast cancer
care. Eur J Cancer 2010;46:2344e56. https://doi.org/10.1016/
j.ejca.2010.06.119.

[4] Biganzoli L, Marotti L, Hart CD, Cataliotti L, Cutuli B, Kuhn T, Mansel RE,
Ponti A, Poortmans P, Regitnig P, van der Hage JA, Wengstrom Y, Rosselli Del
Turco M. Quality indicators in breast cancer care: an update from the eusoma
working group. Eur J Cancer 2017;86:59e81. https://doi.org/10.1016/
j.ejca.2017.08.017.

[5] Lagendijk M, van Egdom LSE, Richel C, van Leeuwen N, Verhoef C, Lingsma HF,
Koppert LB. Patient reported outcome measures in breast cancer patients. Eur
J Surg Oncol 2018;44:963e8.

[6] Cordova LZ, Hunter-Smith DJ, Rozen WM. Patient reported outcome measures
(proms) following mastectomy with breast reconstruction or without recon-
struction: a systematic review. Gland Surg 2019;8.

[7] Vrieling C, Collette L, Bartelink E, Borger JH, Brenninkmeyer SJ, Horiot JC,
Pierart M, Poortmans PM, Struikmans H, Van der Schueren E, Van Dongen JA,
Van Limbergen E, Bartelink H. Validation of the methods of cosmetic assess-
ment after breast-conserving therapy in the eortc “boost versus no boost”
trial. Int J Radiat Oncol Biol Phys 1999;45. 667e676.

[8] Haloua MH, Krekel NMA, Jacobs GJA, Zonderhuis B, Bouman M-B,
Buncamper ME, Niessen FB, Winters HAH, Terwee C, Meijer S, van den Tol MP.
Cosmetic outcome assessment following breast-conserving therapy: a com-
parison between bcct.core software and panel evaluation. International
journal of breast cancer 2014;2014. 716860e716860.

[9] Charfare H, MacLatchie E, Cordier C, Bradley M, Eadie C, Byrtus A, Burnet K,
Chapman D, Wishart GC, Purushotham AD. A comparison of different methods
of assessing cosmetic outcome following breast-conserving surgery and fac-
tors influencing cosmetic outcome. Br J Med Pract 2010;3.

[10] Cardoso MJ, Oliveira HP, Cardoso JS. Assessing cosmetic results after breast
conserving surgery. J Surg Oncol 2014;110:37e44. https://doi.org/10.1002/
jso.23596.

[11] Beadle GF, Come S, Henderson I, Silver B, Hellman S, Harris JR. The effect of
adjuvant chemotherapy on the cosmetic results after primary radiation
treatment for early stage breast cancer. Int J Radiat Oncol Biol Phys 1984;10:
2131e7. https://doi.org/10.1016/0360-3016(84)90213-X.

[12] Pierquin B, Huart J, Raynal M, Otmezguine Y, Calitchi E, Mazeron J-J, Ganem G,
Bourgeois J-PL, Marinello G, Julien M, Brun B, Feuilhade F. Conservative
treatment for breast cancer: long-term results (15 years). Radiother Oncol
1991;20:16e23. https://doi.org/10.1016/0167-8140(91)90107-R.

[13] Cardoso MJ, Cardoso JS, Santos AC, Barros H, Oliveira MC. Interobserver
agreement and consensus over the esthetic evaluation of conservative treat-
ment for breast cancer. Breast 2006;15:52e7. https://doi.org/10.1016/
j.breast.2005.04.013.
[14] Pezner RD, Patterson MP, Hill L, Vora N, Desai KR, Archambeau JO, Lipsett JA.

Breast retraction assessment: an objective evaluation of cosmetic results of
patients treated conservatively for breast cancer. Int J Radiat Oncol Biol Phys
1985;11:575e8. https://doi.org/10.1016/0360-3016(85)90190-7.

[15] Limbergen EV, van der Schueren E, Tongelen KV. Cosmetic evaluation of
breast conserving treatment for mammary cancer. 1. proposal of a quantita-
tive scoring system. Radiother Oncol 1989;16:159e67. https://doi.org/
10.1016/0167-8140(89)90016-9.

[16] Tsouskas LI, Fentiman IS. Breast compliance: a new method for evaluation of
cosmetic outcome after conservative treatment of early breast cancer. Breast
Canc Res Treat 1990;15:185e90. https://doi.org/10.1007/BF01806355.

[17] Oliveira HP, Cardoso JS, Magalhaes A, Cardoso MJ. A 3d low-cost solution for
the aesthetic evaluation of breast cancer conservative treatment. Comput
Methods Biomech Biomed Eng: Imaging and Visualization 2014;2:90e106.
https://doi.org/10.1080/21681163.2013.858403.

[18] Sacchini V, Luini A, Tana S, Lozza L, Galimberti V, Merson M, Agresti R,
Veronesi P, Greco M. Quantitative and qualitative cosmetic evaluation after
conservative treatment for breast cancer. Eur J Cancer Clin Oncol 1991;27:
1395e400. https://doi.org/10.1016/0277-5379(91)90019-A.

[19] Oliveira HP, Cardoso JS, Magalhaes A, Cardoso MJ. Methods for the aesthetic
evaluation of breast cancer conservation treatment: a technological review.
Curr Med Imag Rev 2013;9:32e46. https://doi.org/10.2174/
1573405611309010006.

[20] Noguchi M, Saito Y, Mizukami Y, Nonomura A, Ohta N, Koyasaki N, Taniya T,
Miyazaki I. Breast deformity, its correction, and assessment of breast
conserving surgery. Breast Canc Res Treat 1991;18:111e8. https://doi.org/
10.1007/BF01980973.

[21] Cardoso MJ, Magalhaes A, Almeida T, Costa S, Vrieling C, Christie D, Johansen J,
Cardoso JS. Is face-only photographic view enough for the aesthetic evaluation
of breast cancer conservative treatment? Breast Canc Res Treat 2008;112:
565e8. https://doi.org/10.1007/s10549-008-9896-5.

[22] Cardoso MJ, Vrieling C, Cardoso JS, Oliveira HP, Williams NR, Dixon JM, the
PICTURE Project Clinical Trial Team, & the PICTURE Project Delphi Panel. The
value of 3d images in aesthetic evaluation of breast cancer conservative
treatment. results from a prospective multicentric clinical trial. Breast
2018;41:19e24. https://doi.org/10.1016/j.breast.2018.06.008.

[23] Eiben B, Lacher R, Vavourakis V, Hipwell JH, Stoyanov D, Williams NR,
Sabczynski J, Bulow T, Kutra D, Meetz K, Young S, Barschdorf H, Oliveira HP,
Cardoso JS, Monteiro JP, Zolfagharnasab H, Sinkus R, Gouveia P, Liefers G-J,
Molenkamp B, van de Velde CJ, Hawkes DJ, Cardoso MJ, Keshtgar M. Breast
conserving surgery outcome prediction: a patient-specific, integrated multi-
modal imaging and mechano-biological modelling framework. In: Pro-
ceedings of the 13th international workshop on breast imaging (IWBI); 2016.
p. 274e81. URL: http://www.inescporto.pt/~jsc/publications/conferences/
2016EibenIWBI.pdf.

[24] Fitzal F, Krois W, Trischler H, Wutzel L, Riedl O, Kühbelb€ock U,
Wintersteiner B, Cardoso M, Dubsky P, Gnant M, Jakesz R, Wild T. The use of a
breast symmetry index for objective evaluation of breast cosmesis. Breast
2007;16:429e35. https://doi.org/10.1016/j.breast.2007.01.013.

[25] Cardoso MJ, Cardoso JS, Amaral N, Azevedo I, Barreau L, Bernardo M,
Christie D, Costa S, Fitzal F, Fougo JL, Johansen J, Macmillan D, Mano MP,
Regolo L, Rosa J, Teixeira LF, Vrieling C, Zgajnar J. Turning subjective into
objective: the bcct.core software for evaluation of cosmetic results in breast
cancer conservative treatment. Breast 2007;16:456e61. https://doi.org/
10.1016/j.breast.2007.05.002.

[26] Cardoso JS, Cardoso MJ. Towards an intelligent medical system for the
aesthetic evaluation of breast cancer conservative treatment. Artif Intell Med
2007b;40:115e26. https://doi.org/10.1016/j.artmed.2007.02.007.

[27] Cardoso JS, Cardoso MJ. Breast contour detection for the aesthetic evaluation
of breast cancer conservative treatment. In: Springer lecture notes in com-
puter science, advances in soft computing 45, computer recognition systems 2
CORES 2007: 5th international conference on computer recognition systems;
2007. p. 518e25. https://doi.org/10.1007/978-3-540-75175-5_65.

[28] Sousa R, Cardoso JS, da Costa JFP, Cardoso MJ. Breast contour detection with
shape priors. Proceedings of the 15th IEEE International Conference on Image
Processing 2008;1e5:1440e3. https://doi.org/10.1109/ICIP.2008.4712036.

[29] Oliveira HP, Cardoso JS, Magalhaes A, Cardoso MJ. Simultaneous detection of
prominent points on breast cancer conservative treatment images. In: Pro-
ceedings of the IEEE international conference on image processing. ICIP);
2012. p. 2841e4. https://doi.org/10.1109/ICIP.2012.6467491.

[30] Lee J, Kim E, Reece GP, Crosby MA, Beahm EK, Markey MK. Automated
calculation of ptosis on lateral clinical photographs. J Eval Clin Pract 2015;21:
900e10. https://doi.org/10.1111/jep.12397.

[31] Silva W, Castro E, Cardoso MJ, Fitzal F, Cardoso JS. Deep keypoint detection for
the aesthetic evaluation of breast cancer surgery outcomes. In: Proceedings of
the IEEE international symposium on biomedical imaging (ISBI’19); 2019.
p. 1082e6. https://doi.org/10.1109/ISBI.2019.8759331.

[32] Silva W, Fernandes K, Cardoso MJ, Cardoso JS. Towards complementary ex-
planations using deep neural networks. In: Proceedings of the workshop on
interpretability of machine intelligence in medical image computing at MIC-
CAI; 2018. p. 133e40. https://doi.org/10.1007/978-3-030-02628-8_15.

[33] Silva W, Fernandes K, Cardoso JS. How to produce complementary explana-
tions using an ensemble model. In: Proceedings of the international joint
conference on neural networks (IJCNN); 2019.

https://doi.org/10.3322/caac.21492
https://doi.org/10.3322/caac.21492
https://doi.org/10.1016/j.ijrobp.2011.08.013
https://doi.org/10.1016/j.ijrobp.2011.08.013
https://doi.org/10.1016/j.ejca.2010.06.119
https://doi.org/10.1016/j.ejca.2010.06.119
https://doi.org/10.1016/j.ejca.2017.08.017
https://doi.org/10.1016/j.ejca.2017.08.017
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref5
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref5
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref5
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref5
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref6
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref6
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref6
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref7
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref7
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref7
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref7
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref7
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref7
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref8
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref8
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref8
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref8
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref8
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref8
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref9
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref9
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref9
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref9
https://doi.org/10.1002/jso.23596
https://doi.org/10.1002/jso.23596
https://doi.org/10.1016/0360-3016(84)90213-X
https://doi.org/10.1016/0167-8140(91)90107-R
https://doi.org/10.1016/j.breast.2005.04.013
https://doi.org/10.1016/j.breast.2005.04.013
https://doi.org/10.1016/0360-3016(85)90190-7
https://doi.org/10.1016/0167-8140(89)90016-9
https://doi.org/10.1016/0167-8140(89)90016-9
https://doi.org/10.1007/BF01806355
https://doi.org/10.1080/21681163.2013.858403
https://doi.org/10.1016/0277-5379(91)90019-A
https://doi.org/10.2174/1573405611309010006
https://doi.org/10.2174/1573405611309010006
https://doi.org/10.1007/BF01980973
https://doi.org/10.1007/BF01980973
https://doi.org/10.1007/s10549-008-9896-5
https://doi.org/10.1016/j.breast.2018.06.008
http://www.inescporto.pt/%7Ejsc/publications/conferences/2016EibenIWBI.pdf
http://www.inescporto.pt/%7Ejsc/publications/conferences/2016EibenIWBI.pdf
https://doi.org/10.1016/j.breast.2007.01.013
https://doi.org/10.1016/j.breast.2007.05.002
https://doi.org/10.1016/j.breast.2007.05.002
https://doi.org/10.1016/j.artmed.2007.02.007
https://doi.org/10.1007/978-3-540-75175-5_65
https://doi.org/10.1109/ICIP.2008.4712036
https://doi.org/10.1109/ICIP.2012.6467491
https://doi.org/10.1111/jep.12397
https://doi.org/10.1109/ISBI.2019.8759331
https://doi.org/10.1007/978-3-030-02628-8_15
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref33
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref33
http://refhub.elsevier.com/S0960-9776(19)31098-7/sref33


J.S. Cardoso et al. / The Breast 49 (2020) 123e130130
[34] Cardoso MJ, Cardoso JS, Vrieling C, Macmillan D, Rainsbury D, Heil J, Hau E,
Keshtgar M. Recommendations for the aesthetic evaluation of breast cancer
conservative treatment. Breast Canc Res Treat 2012;135:629e37. https://
doi.org/10.1007/s10549-012-1978-8.

[35] Cardoso MJ, Cardoso JS, Oliveira HP, Gouveia P. The breast cancer conservative
treatment. cosmetic results - bcct.core - software for objective assessment of
aesthetic outcome in breast cancer conservative treatment: a narrative re-
view. Comput Methods Progr Biomed 2016. https://doi.org/10.1016/
j.cmpb.2015.11.010.

[36] Merie R, Browne L, Cardoso JS, Cardoso MJ, Chin Y, Catherine C, Graham P,
Szwajcer A, Hau E. A proposal for a gold standard for cosmetic evaluation after
breast conserving therapy: results from the st george and wollongong breast
boost trial. Journal of Medical Imaging and Radiation Oncology 2017. https://
doi.org/10.1111/1754-9485.12645.
[37] Azeez NA, der Vyver CV. Security and privacy issues in e-health cloud-based
system: a comprehensive content analysis. Egyptian Informatics Journal
2019;20:97e108. https://doi.org/10.1016/j.eij.2018.12.001. URL: http://www.
sciencedirect.com/science/article/pii/S1110866517302797.

[38] Snell E. Utilizing cloud computing for stronger healthcare data security. URL:
https://healthitsecurity.com/features/utilizing-cloud-computing-for-
stronger-healthcare-data-security; 2019.

[39] Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, Thrun S. Derma-
tologist-level classification of skin cancer with deep neural networks. Nature
2017;542. https://doi.org/10.1038/nature21056.

[40] Fernandes K, Cardoso JS. Hypothesis transfer learning based on structural
model similarity. Neural Comput Appl 2017. https://doi.org/10.1007/s00521-
017-3281-4.

https://doi.org/10.1007/s10549-012-1978-8
https://doi.org/10.1007/s10549-012-1978-8
https://doi.org/10.1016/j.cmpb.2015.11.010
https://doi.org/10.1016/j.cmpb.2015.11.010
https://doi.org/10.1111/1754-9485.12645
https://doi.org/10.1111/1754-9485.12645
https://doi.org/10.1016/j.eij.2018.12.001
http://www.sciencedirect.com/science/article/pii/S1110866517302797
http://www.sciencedirect.com/science/article/pii/S1110866517302797
https://healthitsecurity.com/features/utilizing-cloud-computing-for-stronger-healthcare-data-security
https://healthitsecurity.com/features/utilizing-cloud-computing-for-stronger-healthcare-data-security
https://doi.org/10.1038/nature21056
https://doi.org/10.1007/s00521-017-3281-4
https://doi.org/10.1007/s00521-017-3281-4

	Evolution, current challenges, and future possibilities in the objective assessment of aesthetic outcome of breast cancer l ...
	1. Introduction
	2. The path already taken
	3. The steps being taken: from handcrafted to deep-learning-based methodologies
	4. An outlook for upcoming technology
	5. Conclusion
	Declaration of competing interest
	Acknowledgements
	References


