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Abstract: In recent years, immediate breast reconstruction after mastectomy surgery has steadily
increased in the treatment pathway of breast cancer (BC) patients due to its potential impact on
both the morpho-functional and aesthetic type of the breast and the quality of life. Although recent
studies have demonstrated how recent radiotherapy techniques have allowed a reduction of adverse
events related to breast reconstruction, capsular contracture (CC) remains the main complication after
post-mastectomy radio-therapy (PMRT). In this study, we evaluated the association of the occurrence
of CC with some clinical, histological and therapeutic parameters related to BC patients. We firstly
performed bivariate statistical tests and we then evaluated the prognostic predictive power of the
collected data by using machine learning techniques. Out of a sample of 59 patients referred to our
institute, 28 patients (i.e., 47%) showed contracture after PMRT. As a result, only estrogen receptor
status (ER) and molecular subtypes were significantly associated with the occurrence of CC after
PMRT. Different machine learning models were trained on a subset of clinical features selected by
a feature importance approach. Experimental results have shown that collected features have a
non-negligible predictive power. The extreme gradient boosting classifier achieved an area under
the curve (AUC) value of 68% and accuracy, sensitivity, and specificity values of 68%, 64%, and 74%,
respectively. Such a support tool, after further suitable optimization and validation, would allow
clinicians to identify the best therapeutic strategy and reconstructive timing.

Keywords: immediate reconstruction; radiotherapy; capsular contracture; machine learning;
prothesis; expander

1. Introduction

Breast cancer represents the most common cancer disease in women and also is the
leading cause of cancer-related death [1]. According to data from the Italian Association
of Cancer Registry (AIRTUM), an estimated 55,000 new cases of malignant breast cancer
were diagnosed in our country in the last year, accounting for about 30% of all new cancer
diagnoses [2].

In recent years, immediate breast reconstruction with prosthesis or expander, after
mastectomy or conservative surgery, has steadily increased [3], being valuable in the
treatment of breast cancer, as well as in the plastic surgery practice, due to its potential
impact on both the morpho-functional and aesthetic type of the breast and the relative
quality of life [4,5].

Given the high incidence of the disease and, consequently, the large number of breast
reconstructions, both surgical results and quality of life for patients undergoing surgery
and radiation therapy must be optimized [6].

Healthcare 2023, 11, 1042. https://doi.org/10.3390/healthcare11071042 https://www.mdpi.com/journal/healthcare

https://doi.org/10.3390/healthcare11071042
https://doi.org/10.3390/healthcare11071042
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/healthcare
https://www.mdpi.com
https://orcid.org/0000-0002-2729-9896
https://orcid.org/0000-0002-5257-8678
https://doi.org/10.3390/healthcare11071042
https://www.mdpi.com/journal/healthcare
https://www.mdpi.com/article/10.3390/healthcare11071042?type=check_update&version=1


Healthcare 2023, 11, 1042 2 of 11

Based on clinical, pathological, and tumor characteristics, some patients need to
undergo several cycles of radiotherapy. In recent years, the indication for radiation therapy
is increasingly recommended for patients with locally advanced breast cancer [7,8].

The latest developments in the field of reconstructive plastic surgery are coupled
by constantly evolving radiotherapy fractionation methods [9]. Radiation therapy can
affect outcomes after breast reconstruction, depending on the type of RT technique (three-
dimensional conformal RT [3D CRT] vs. intensity-modulated radiation therapy [IMRT]),
timing of RT (proceeding vs. after reconstruction), and size of fractionation (hypofrac-
tionation vs. conventional fractionation) [10]. To date, studies are ongoing in the context
of conventional and hypofractionated radiotherapy fractionation to understand the as-
sociation between radiation dose and complication rate in patients undergoing breast
reconstruction [11,12].

However, neither surgical nor radiotherapy procedures are free of complications,
although recent studies report that these, along with the cosmetic results of prosthetic
reconstruction under post mastectomy radiation therapy (PMRT), have reached more
acceptable levels with respect to the past [13,14].

Capsular contracture is the main complication after breast implant surgery [15]. Capsu-
lar contracture occurs when either the normal healing process fails or when a pathological
change caused by tissue trauma or an exogenous trigger are started. This pathological
condition is named Baker’s contracture, from grade I, absent, to IV, severe (Figure 1).
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Figure 1. Capsular contracture occurs when either the normal healing process fails or when a
pathological change, caused by tissue trauma or an exogenous trigger, started and can be of differing
severity according to the Baker classification.

Most studies have shown a higher frequency of contracture for smooth implants than
for those with textured surfaces [16]. Currently, the exact cause of contracture is still unclear;
it has been hypothesized that immunobiological factors (i.e., biological and bacterial factors)
and various risk factors play a key role in its development.

Although capsular contracture is the main complication in prosthetic implants, there
is no pathognomonic radiological sign of contracture, and the diagnosis is mainly clinical:
there are different clinical pictures, sometimes vague, which do not always allow an early
and easy diagnosis, and the preparation of a diagnostic prediction algorithm could help
clinicians in identifying subjects at risk.

Several studies have been proposed in the literature with the aim of evaluating the
factors associated with the onset of capsular contracture following radiotherapy. However,
the efforts in defining a predictive model of the same using artificial intelligence techniques
are currently limited [17].

In this paper, we proposed a preliminary model to predict the complications of radio-
therapy after mastectomy trained on with the purpose of undertaking the best treatment
course and reconstructive timing for each patient, that is, to identify patients with a higher
predicted risk of postoperative reconstructive complications. The aim of this study is to
evaluate the predictive power of clinical characteristics commonly collected in clinical
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practice by means of a machine learning model well known with regards to the state-of-the-
art. Specifically, we analyzed complications of radiotherapy in patients with prosthesis or
expander who underwent mastectomy surgery in our institute from 2016 to 2021. To this
aim, we developed a retrospective database containing clinical and surgical features of 59
breast cancer patients.

The analyzed features included modifiable and non-modifiable risk factors, such
as smoking and age, allergies and comorbidities, and tumor characteristics. Surgical
characteristics refer to the type of prosthesis or expander inserted, volume of expander,
lymphadenectomy, and, of course, date of radiotherapy and any complications.

2. Materials and Methods
2.1. Experimental Data

This study included breast cancer patients who underwent reconstructive surgery and
radiotherapy from 2016 to 2021 at Istituto Tumori “Giovanni Paolo II” in Bari (Italy). All
patients who underwent radiotherapy after mastectomy at our Institute were recruited, for
whom who also had surgical follow-up of at least 18 months. The clinical and therapeutic
characteristics extracted from our information systems were collected (Figure 2).
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Specifically, we collected 59 patients who have received radiotherapy after the implan-
tation of prosthesis or expander. No matrices were used in the reconstructions. All patients
were treated with the three-dimensional conformal technique (3DRT) and received a total
dose of 50 Gy with a daily fractionation of 2 Gy in 25 fractions. The technique involves
tangent bundles, with 95% of the prescribed dose covering at least 95% of the target.

We anonymized all data before proceeding with the analysis, and we did not require
written consent for this retrospective study with minimal risk. The study was conducted
according to the guidelines of the Declaration of Helsinki and approved by the scientific
board of our institute.

For each patient, we collected the following clinical, therapeutic, and surgical character-
istics: age, menopausal status (premenopausal/postmenopausal), estrogen receptor status
(ER, Neg/Pos), progesterone receptor status (PgR, Neg/Pos), cellular marker for prolifera-
tion status (ki67, Neg/Pos with cut-off 20%), human epidermal growth factor receptor-2
status (HER2, Neg/Pos), histological grade (G, Elston–Ellis scale: 1, 2, 3), tumor size (T1, T2,
T3), lymph-node status (N0, N1, N2, N3), histological subtype (ductal, other special types),
molecular subtype (HER2 positive, luminal A, luminal B, and triple negative), neoadju-
vant chemotherapy (yes/no), lymphadenectomy (yes/no), type of surgery (expander or
prosthesis), and months between reconstruction time and start of radiotherapy.

We also considered information about the size of the implant. Three size classes have
been identified, that is, up to 300cc, from 300cc to 450cc, and greater than 450cc, where “cc”
stands for “cubic centimeter”.

Moreover, we collected the occurrence of contracture events after radiotherapy.
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2.2. Statistical Analyses

In order to study the statistical association between clinical characteristics with the
contracture on prosthesis or expander after radiotherapy, we used the chi-square test for
categorical variables and Mann-Whitney’s test for continuous variables.

The chi-square test is a non-parametric test, which is used for testing independence [18].
It can be employed with categorical variables in order to study if the association between
these variables is statistically significant.

The null hypothesis consists in the independence between the two variables, while
the alternative hypothesis considers the dependence between the two variables.

Mann-Whitney’s test is a non-parametric test that is used to study the outcomes
comparison between two independent groups. The null hypothesis considers the equality of
the two populations, while the alternative hypothesis is about the unequal populations [19].

We considered the result as statistically significant when the test returned a p-value
less than 0.05.

2.3. Classification Model

In order to predict the contracture event, we trained a classification model on
15 features, which were common to the two methods (expander and prosthesis), i.e.,
age at diagnosis, menopausal status, estrogen receptor status (ER), progesterone receptor
status (PgR), ki67 proliferation status, human epidermal growth factor receptor-2 status
(HER2), histological grade, tumor size, lymph nodes, histological subtype, molecular sub-
type, neoadjuvant chemotherapy, lymphadenectomy, type of surgery, and months between
reconstruction and radiotherapy. Missing values were estimated through Miss Forest, a
tool provided by Random Forest, before analyzing data.

We compared three standard classification algorithms, such as Random Forest (RF),
eXtreme Gradient Boosting (XGBoost), and Support Vector Machines (SVM).

Random Forest is a supervised learning algorithm based on a set of decision trees,
which are usually trained by a method named “bagging”, according to which the overall
result is augmented by a combination of learning patterns. [20–22].

It reduces the risk of overfitting, which may be caused by all samples in the training
data. If the number of decision trees is robust, the overall variance and prediction error
will be reduced, so the classifier will not overfit the model. The RF classification algorithm
basically depends on two parameters, such as the number of trees and the number of
features to choose in each node split. In this work, we have adopted a standard configu-
ration with 100 trees and 20 features [as described in Breiman (24)] randomly selected at
each subdivision. Additionally, to control the risk of overfitting, we set a small number of
observations per tree leaf, such as 5.

XGBoost stands for “Extreme Gradient Boosting” [23], and it is a decision tree en-
semble learning algorithm similar to random forest, which combines multiple machine
learning algorithms to obtain a better model. The difference is how the trees are built and
combined. XGBoost is a boosting technique that sequentially creates decision trees, where
each tree improves upon the mistakes of the previous one by exploiting a gradient descent
optimization algorithm for minimizing the loss function. Since the Gradient Boosting
algorithm could overfit a training dataset, regularization methods are implemented for
improving performance. XGBoost has parallel and distributed processing, which allows it
to be faster than other algorithms. The goal is to provide a library that is scalable, portable,
and accurate, with a lot of focus on optimization systems and machine learning principles.

The Support Vector Machine (SVM) classification algorithm [24] estimates a hyper-
plane separating points in a high dimensional space, so that the examples of the categories
are divided by a clear gap. New examples are then mapped into that same space and are
predicted to belong to a category based on the side of the gap on which they fall. In this
work, we used a linear kernel.

For each of the classification algorithms, the default parameters were used. More
complicated architectures did not give any significant classification improvements.
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The three above-described classification algorithms were implemented after perform-
ing a feature selection procedure with Random Forest and determining feature importance
through “Mean Decrease Accuracy”, which measures the accuracy lost by the model in the
exclusion of each variable. Only the features with an index of importance higher than the
average importance of the initial set of features were then selected. Specifically, the feature
selection procedure is nested in the cross-validation.

The models were evaluated on 10 rounds of a 10-fold cross-validation, and the classifi-
cation performances were evaluated in terms of ROC AUC value and accuracy, sensitivity,
and specificity, which was calculated according to an optimal threshold obtained from
Youden’s index on the ROC curves [25].

All the analyses were performed by using the MATLAB R2022a (MathWorks, Inc.,
Natick, MA, USA) software.

3. Results
3.1. Statistical Analysis Results

Table 1 shows the clinical and treatment characteristics of the analyzed patients.
Patients who received radiotherapy on prosthesis or expander were 59, with a median age
of 47 years.

Table 1. Clinical and treatment characteristics.

Variable Total No Contracture
Group

Contracture
Group p

Number of Patients 59 31 (53%) 28 (47%)
Age Median (IQR) 47 (43–52.5) 47 (43–54) 47.5 (43.5–52) 0.693
Menopausal Status 0.482

Pre 33 16 (48%) 17 (52%)
Post 26 15 (58%) 11 (42%)

ER 0.05
Positive 42 18 (43%) 24 (57%)

Negative 12 9 (75%) 3 (25%)
Missing 5 4 (80%) 1 (20%)

PgR 0.129
Positive 39 17 (44%) 22 (56%)

Negative 15 10 (67%) 5 (33%)
Missing 5 4 (80%) 1 (20%)

Ki67 0.402
Positive 33 15 (45%) 18 (55%)

Negative 21 12 (57%) 9 (43%)
Missing 5 4 (80%) 1 (20%)

HER2 1.0000
Positive 12 6 (50%) 6 (50%)

Negative 42 21 (50%) 21 (50%)
Missing 5 4 (80%) 1 (20%)

Grading 0.293
I 2 1 (50%) 1 (50%)
II 21 13 (62%) 8 (38%)
III 28 11 (39%) 17 (61%)

Missing 8 6 (75%) 2 (25%)
T 0.571

1 19 11 (58%) 8 (42%)
2 24 11 (46%) 13 (54%)
3 8 3 (37.5%) 5 (62.5%)

Missing 8 6 (75%) 2 (25%)
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Table 1. Cont.

Variable Total No Contracture
Group

Contracture
Group p

N 0.219
0 9 5 (56%) 4 (44%)
1 14 10 (71%) 4 (29%)
2 15 6 (40%) 9 (60%)
3 14 5 (36%) 9 (64%)

Missing 7 5 (71%) 2 (29%)
Histological subtype 0.482

Ductal 42 22 (52%) 20 (48%)
Other 10 4 (40%) 6 (60%)

Missing 7 5 (71%) 2 (29%)
Molecular subtype 0.076

HER2 positive 12 6 (50%) 6 (50%)
Luminal A 18 11 (61%) 7 (39%)
Luminal B 16 4 (25%) 12 (75%)

Triple negative 8 6 (75%) 2 (25%)
Missing 5 4 (80%) 1 (20%)

Neoadjuvant chemotherapy 0.0599
Yes 21 12 (57%) 9 (43%)
No 38 19 (50%) 19 (50%)

Lymphadenectomy 0.449
Yes 51 25 (49%) 26 (51%)
No 4 3 (75%) 1 (25%)

Missing 4 3 (75%) 1 (25%)
Expander or Prosthesis 0.232

Expander 28 17 (61%) 11 (39%)
Prosthesis 31 14 (45%) 17 (55%)

Size expander 0.285
≤ 300 cc 5 4 (80%) 1 (20%)

300–450 cc 20 11 (55%) 9 (45%)
> 450 cc 3 2 (67%) 1 (33%)

Size prosthesis 0.092
≤ 300 cc 5 4 (80%) 1 (20%)

300–450 cc 12 3 (25%) 9 (75%)
> 450 cc 13 7 (54%) 6 (46%)
Missing 1

Months between
Reconstruction and RT Median (IQR) 3 (2–5) 4 (2–7) 3 (1.5–4.5) 0.274

These have been divided into two groups according to the occurrence or non-occurrence
of contracture following radiotherapy. Specifically, 28 patients had contracture, represent-
ing 47% of the sample, while the remaining patients did not have contracture. The sample
was composed of 47% of patients who did radiotherapy on expander, while 53% of patients
did radiotherapy on prosthesis. Observed contractures were mostly moderate or severe, i.e.,
grades 3 and 4, according to Baker’s classification. Specifically, 7% of the overall capsular
contracture were grade 2, 76% were grade 3, and 17% were grade 4.

The significance of the variables compared with the onset of contracture was assessed
using two statistical tests, in particular the chi-square test for categorical variables and the
Mann-Whitney test for continuous variables, such as age and months between reconstruc-
tion and RT. The statistically significant variable was ER, which had a p-value less than
0.05. About 57% of ER positive patients and 25% of ER negative patients had contracture
(Figure 3). We underline also the molecular subtype, which showed a significance just
above the 0.05 cut-off considered. Specifically, it emerged among the luminal A molecular
subtypes, and approximately 61% had no contracture, while among the luminal B molecular
subtypes, approximately 75% had contracture. Considering the triple negative patients,
75% had no contracture.
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postmastectomy radiotherapy (p-value < 0.10).

3.2. Performance Evaluation Results

We identified the most important features as those selected by implementing Random
Forest “mean decrease accuracy” technique. The average number of features selected in
each round of cross-validation was seven features. Figure 4 shows the frequency of the
selected features on a 10 ten-fold cross-validation scheme. Features with lower selection
frequency were age, lymphadenectomy, and surgery. This means that the type of surgery,
that is expander or prosthesis, is not a discriminated factor in predicting contracture after
receiving radiotherapy. Conversely, months between prosthesis or expander reconstruction
and RT had a frequency equal to 60%.

Healthcare 2023, 11, x FOR PEER REVIEW 8 of 12 
 

 

 
Figure 4. Frequency of the selected features. 

The following tables summarise the performances metrics evaluated within a cross-
validation scheme in terms of median value and interquartile range (1th and 3th quan-
tiles). Experimental results considering patients with expander or prosthesis (Table 2) 
have shown that XGB performed better than RF and SVM in terms of AUC, although the 
other evaluation metrics were comparable among all the classifiers. Specifically, the XGB 
classifier showed an AUC value of 68% and accuracy, sensitivity, and specificity values of 
68%, 64%, and 74%, respectively. SVM and XGB classifiers reached results, which were 
more balanced if compared to the RF classifier. 

Table 2. Metric performances considering patients with expander or prosthesis. The table shows the 
median value and the first and third quartiles (in brackets) of the performance metrics calculated 
over the 10 rounds of the 10-fold cross-validation. 

Classifier AUC (%) Acc (%) Sensitivity (%) Specificity (%) 
RF 65 (60–65) 64 (61–64) 82 (50–86) 48 (39–74) 

SVM 66 (54–68) 66 (59–68) 64 (64–79) 65 (58–68) 
XGB 68 (59–66) 68 (61–68) 64 (54–75) 74 (52–81) 

Specifically, the accuracies recorded by the three classifiers, i.e., RF, SVM, and XGB, 
were 50%, 54%, and 64%, respectively. For patients with prostheses, the classification per-
formances rose to 71%, 74%, and 71%, thus showing how the collected characteristics seem 
to better predict a PMRT contracture event for this type of implantation. 

4. Discussion and Conclusions 
Breast reconstruction with prosthesis or expander after mastectomy is a fundamental 

step in breast cancer treatment, as well as in plastic surgery practice. Thus, clinicians 
choose which patients are eligible for radiotherapy cycles according to their clinical, 
pathological, and tumor characteristics. Radiotherapy is a localized and non-invasive 
treatment, which allows us to kill cancer cells and reduce tumors through the use of high-
energy radiation [26]. RT in breast cancer has the task of reducing the chance of recurrence 

Figure 4. Frequency of the selected features.

The following tables summarise the performances metrics evaluated within a cross-
validation scheme in terms of median value and interquartile range (1th and 3th quantiles).
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Experimental results considering patients with expander or prosthesis (Table 2) have
shown that XGB performed better than RF and SVM in terms of AUC, although the other
evaluation metrics were comparable among all the classifiers. Specifically, the XGB classifier
showed an AUC value of 68% and accuracy, sensitivity, and specificity values of 68%, 64%,
and 74%, respectively. SVM and XGB classifiers reached results, which were more balanced
if compared to the RF classifier.

Table 2. Metric performances considering patients with expander or prosthesis. The table shows the
median value and the first and third quartiles (in brackets) of the performance metrics calculated
over the 10 rounds of the 10-fold cross-validation.

Classifier AUC (%) Acc (%) Sensitivity (%) Specificity (%)

RF 65 (60–65) 64 (61–64) 82 (50–86) 48 (39–74)
SVM 66 (54–68) 66 (59–68) 64 (64–79) 65 (58–68)
XGB 68 (59–66) 68 (61–68) 64 (54–75) 74 (52–81)

Specifically, the accuracies recorded by the three classifiers, i.e., RF, SVM, and XGB,
were 50%, 54%, and 64%, respectively. For patients with prostheses, the classification
performances rose to 71%, 74%, and 71%, thus showing how the collected characteristics
seem to better predict a PMRT contracture event for this type of implantation.

4. Discussion and Conclusions

Breast reconstruction with prosthesis or expander after mastectomy is a fundamental
step in breast cancer treatment, as well as in plastic surgery practice. Thus, clinicians choose
which patients are eligible for radiotherapy cycles according to their clinical, pathologi-
cal, and tumor characteristics. Radiotherapy is a localized and non-invasive treatment,
which allows us to kill cancer cells and reduce tumors through the use of high-energy
radiation [26]. RT in breast cancer has the task of reducing the chance of recurrence and
improving breast cancer survival rate. RT is essential, but it can cause the onset of different
post reconstructive surgery complications, including contractures [27].

Most of the research works in the state-of-the-art aim at analyzing, in a univariate
manner, possible factors associated with capsular contracture after post-radiotherapy in
mastectomised patients, focusing on the comparison between different reconstruction meth-
ods or therapeutic approaches. In a previous meta-analysis study [28] made by Fengzhou
Du and colleagues, the authors evaluated the results of the DTI ("direct-to-implant”) and
TEI (“tissue expander after implant”) procedures followed by PMRT (“post-mastectomy
radiotherapy”). They found that there was not a difference in terms of rate of capsular
contracture between implants and tissue expanders, and, in fact, patients who received
PMRT, with permanent implant or tissue expander, showed the same risk contracture.

Another study [29] divided patients between adjuvant or neoadjuvant chemotherapy,
analysing adverse events by rates, risk factors, therapy, and duration of radiation therapy.
Their results showed the connection between neoadjuvant chemotherapy and adverse
events in patients undergoing immediate breast reconstruction.

On the other hand, there is a lack of works aiming at the definition of support systems
to predict capsular contracture by using artificial intelligence techniques, whose potential
is now consolidated in various clinical settings and endpoints of interest [17]. The aim of
this preliminary work is to analyse the association between clinical characteristics with the
risk of contracture on a set of patients referred to our institute in order to design a prelim-
inary machine learning model on clinical features, and the idea behind this preliminary
work is to evaluate how much an artificial intelligence model trained solely on clinical
variables commonly collected in clinical practice can predict the onset of post-radiotherapy
contractures in mastectomised patients.

Our experimental results related to real-life data show that there is a significant
association between ER with contracture. In particular, the likelihood of contracture is high
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for ER positive patients. Moreover, regarding the molecular subtype, the difference appears
to be in the luminal B group, with a p-value just above the 0.05 significance level. However,
in contrast with our assumptions, there is no significant association of contracture with the
type of reconstruction and not even with the time between reconstruction and RT.

After collecting all data potentially predictive of contracture in patients undergoing
radiotherapy on expander or prosthesis, we have selected a subset of significant features
and trained a machine learning prediction model. Specifically, some standard machine
learning models were trained and validated according to a cross-validation procedure.

The features that have shown a high prognostic power were PgR and histological
grading, as well as ER, lymph node status, histological subtype, ki67, and molecular
subtype. To the contrary, the type of reconstructive surgery and age were the features
with the lowest predictive value. The classification performances have demonstrated
that the characteristics collected have a non-negligible predictive power, although they
are not sufficient for the clinical applicability of the tool. The XGB classifier showed an
AUC value of 68% and accuracy, sensitivity, and specificity values of 68%, 64%, and 74%,
respectively. Our study represents a preliminary proposal for the development of a tool
that can support clinicians in predicting contractures after PMRT. What emerges, and it
is important to emphasize to an audience of biomedical data scientists and clinicians, is
that the informative power contained in the characteristics considered in this study for the
prediction of complications after radiotherapy in mastectomised patients is not negligible.
However, the experimental results suggest that there are other personal characteristics of
the patient, such as the texture characteristics of the breast, which go beyond the therapeutic
path that must necessarily be shaped and integrated into the model.

Recently, Naoum et al. [17] proposed a nomogram to predict the risk of breast re-
construction complications with or without postmastectomy radiation therapy by using
machine learning models. The strength of the proposed study is the sample size and
inclusion of 56 predictors collected from each patient, including demographics, tumor
biology, and various treatment details. Nonetheless, the performance of the implemented
logistics model reaches an AUC value of 75%. The proposed model was trained on a highly
heterogeneous set of patients with a follow-up of 1 to 18 years, and it did not take into
account the changes in surgical techniques throughout the years.

Although our study is based on a relatively small population, it is a homogeneous case
study for the radiotherapy treatment used. However, the study has some limitations related
to the number of cases. Indeed, the proposed model needs to be validated and optimized
on a large sample, with respect to which other clinical and therapeutic characteristics not
considered in this preliminary study can be evaluated, as well as a more accurate evaluation
of hyperparameter of the proposal models. In addition, state-of-the-art machine learning
models have been used, although recently, innovative approaches have been proposed,
which see the use of deep learning techniques also on structured data, such as clinical
data [30,31]. Other interesting information could be to evaluate the results in patients
with genetic mutations with prosthetic reconstruction and in patients diagnosed with
periprosthetic large T-cell lymphoma (Bi-ALCL), where prosthetic contracture is included
in the differential diagnosis [32,33].

In future works, by collecting a larger data sample, we will carry out a more accu-
rate tuning phase of the proposed models and also evaluate innovative deep learning
models, which could be developed in relation to our clinical data. Moreover, we will
integrate radiomic characteristics extracted from diagnostic images with therapeutic and
clinical information to define a more accurate personalised model for predicting post-
radiotherapycontractures. The definition of an artificial intelligence-based support tool,
after suitable optimization and validation, would allow the clinician to identify the best
therapeutic strategy and reconstructive timing. Such a personalized medicine model paves
the way to reduce complications of radiotherapy, impacting both healthcare cost systems
and the quality of women’s vision.
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