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This retrospective study evaluated the applicability of radiomics analysis
to mammographic images of patients with triple-negative breast cancer
(TNBC) to identify features differentiating BRCA gene’s mutational status.
The mammographic images of 52 patients histologically diagnosed with
TNBC, (13 BRCA-mutated patients and 39 BRCA wild-type ones), were
included and 53 tumor lesions were manually segmented in the
mammographic projection where they were better demarcable. An
additional elliptical ROl of standard size was drawn in the most
homogeneous area of the contralateral healthy gland, using the analogue
mammographic projection of the same date or, if not available, of the
corresponding bilateral mammographic investigation closer to the time of
diagnosis. Lesions consisted of 36 masses, 2 pathological
microcalcifications, and 15 masses with microcalcifications.
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Radiomic features were extracted using Pyradiomics-3D. Preliminary
analysis confirmed feasibility and showed differences in texture features,
particularly GLCM SumEntropy, between BRCA-mutated and non-mutated
patients. Moreover, the study enhanced the role of healthy glandular
tissue in distinguishing the two groups, supporting and reinforcing
previous MRI-based radiomics findings in the same population. The study
concludes that radiomics analysis of diagnostic mammograms in TNBC
patients is feasible and may help build predictive models to discriminate
between BRCA mutated and non-mutated patients.
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GLOSSARY

ACR = American College of Radiology

AUC = Area Under ROC Curve

BI-RADS = Breast Imaging Reporting & Data System

BRCA = a gene related to a higher risk of breast cancer
CLEAR checklist = CheckList for EvaluAtion of Radiomics research
DCIS = Ductal Carcinoma In Situ

ER = estrogen receptors

ESR = European Society of Radiology

EuSoMIl = European Society of Medical Imaging Informatics
GLCM = gray level co-occurrence matrix

GLDM=Gray Level Dependence Matrix

GLRLM=Gray Level Run Length Matrix

GLSZM= gray level size zone matrix

Heat-plot maps/ Heat maps = an image that depicts the values of some
variables of interest across two axes as a color-coded matrix
HER-2 = Human Epidermal growth factor Receptor 2

LCC = Left Craniocaudal

LML = Left Mediolateral

LMLO = Left Mediolateral Oblique

MRI = Magnetic Resonance Imaging

NGTDM= neighborhood gray-tone difference matrix

PG =progesterone receptors
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Pyradiomics library= an open-source python package for the extraction of
Radiomics features from Medical Imaging

Python = A programming language that allow to work quickly and integrate
systems more effectively.

RRC = Right Craniocaudal

RML = Right Mediolateral

RMLO = Right Mediolateral Oblique

ROC Curve= Receiver Operating Characteristic curve which is a graphical
plot that illustrates the performance of a binary classifier model

ROI = region of interest

TNBC= triple negative breast cancer



1.0 INTRODUCTION

Triple-negative breast cancer (TNBC), accounting for 15-25%
of all breast cancers, is a specific subtype of breast cancer
that does not express estrogen receptor (ER), progesterone
receptor (PR) or human epidermal growth factor receptor 2
(HER-2) [1]. It has clinical features that include high
invasiveness, high metastatic potential, proneness to relapse
and poor prognosis [2], [3]

TNBC lacks effective targeted therapies such as endocrine
therapies and anti-HER2 antibodies, such as trastuzumab.
BRCA1 and BRCA2 are tumor suppressor genes, the mutant
phenotypes of which predisposes patients to breast and
ovarian cancers [4], [5]

Women with BRCA 1 and BRCA 2 gene mutations have an
increased risk of developing breast cancer: by the age of 70
years, the risk is about 56-83%. TNEC has a close association
with mutations in the BRCA pathway. Among newly diaghosed
breast cancer patients, fewer than 10% have a mutation in
the BRCA1 or BRCA2 qgenes, while more than 16% of TNBC
patients are identified with BRCA mutations [5]

Several studies have evaluated the relationships between the
BRCA mutation types, mammographic findings and
pathologic features of breast cancers [6], as well as the
mammographic aspects of TNBC [5].

These studies suggest that mammographic features of
tumoral lesions can differ according to BRCA mutation type
[4], [5], [6]and that the typical mammographic finding among
TNBC patients is a mass with no calcifications, obscured
margins and irregular shape [5].

While breast cancer in BRCAl carriers is more likely to
present as TNBC with more aggressive behavior [7] and a
more difficult detection on mammography due to benign
appearance, which may in part be an effect of rapid growth



rate [8], BRCA2-related tumors are much more similar to
sporadic cancer [9], [10]. BRCA2 carriers are more likely to
present with ductal carcinoma in situ (DCIS), which more
often develops microcalcifications [8].

Radiomics by the side, which is the process of extracting
quantitative properties, named features, from an entire
image or from a specific region of interest (ROI) collectively
providing a comprehensive tumor characterization [11],
[12],[13], is emerging as a reliable, accurate, non-invasive,
and cost-effective approach to classify breast cancer
characteristics and predict patient outcomes by revealing
alterations in the tumor histological anatomy that are difficult
to quantitatively identify by the human eye [12], [14].
Radiomics in breast cancers is a new emerging field of
research. While most of the studies so fai provided correlation
with histological outcomes and staging variables or
biomarkers [15] [16], only a few of them have investigated
the correlation between radiomic features and genomic
profile, that is radiogenomics, which is gaining importance for
tumors characterization [17], [18], [19], [20].

In the specific field of TNBC then, the studies carried out were
mainly aimed at identifying radiomic features to distinguish
TNBC from other breast lesions and to detect different
subtypes of TNBC. Other studies investigated the correlation
between radiomic features and biomarkers in order to guide
clinical decisions, to evaluate the treatment efficacy and to
create predictive and prognostic models [21].

Although most of the studies involved MRI, only a few of
radiomics studies have assessed the potential usefulness of
mammography-based radiomics to predict breast cancer
characteristics such as the molecular subtypes. They even
assessed the added value of radiomics, when combined with



clinical data, in predicting factors such as histological grade
and invasiveness [14], [22]

In this setting the aim of our study is to evaluate the
applicability of radiomics analysis to mammographic images
of patients diagnosed with TNBC to identify radiomics
features that can differentiate the mutational status of BRCA
genes.

2.0 MATERIALS E METHODS

2.1 Study design

We used the CLEAR checklist (CheckList for Evaluation of
Radiomics research) endorsed by ESR and EuSoMIl to design
and report this manuscript [23].

The research was approved by the Area Vasta Emilia Nord
Ethical Committee (463/2020/0SS/ACUMO) and informed
consent was obtained from all subjects. All methods were
performed in accordance with the Declaration of Helsinki. This
retrospective  study included consecutive patients
histologically diagnosed with TNBC and evaluated at the
Oncology Department of Modena University Hospital who
underwent digital breast mammography between February
2010 and August 2021.

The criteria for patients’ inclusion were the histological
diagnosis of triple negative ductal invasive breast cancer, the
genetic testing result and the availability of a digital
mammography at the time of the diagnosis before any
medical or surgical treatment. On the other hand, we
excluded patients with wunavailability of clinical and
pathological data, as well as the unavailability of a
mammographic examination at the time of the diagnosis.



2.2 Clinical and radiological data collection

Clinical data (age and mutational profile) and imaging data
(breast density, number and type of lesions, extension of the
disease) were collected with the collaboration of Oncology
Department and analyzed with the Medical Physics Unit.

All mammographic exams were performed with digital
technique in the standard projections Left Craniocaudal (LLC),
Left Mediolateral Oblique (LMLO), Right Craniocaudal (RRC),
Right Mediolateral Oblique (RMLO) and/or with additional
projections Left Mediolateral (LML) and Right Mediolateral
(RML).

Collected non-radiomics data were:

Patients’ age

Breast density evaluated through subjective analysis in
accordance with the recommendaticns of the proposed
American College of Radiology Breast immaging Reporting and
Data System (ACR BI-RADS) aond classified in A (almost
entirely fatty), B (scattered areas of fibroglandular density), C
(heterogeneously dense breasts) and D (extremely dense
breast) [24].

the extent of disease, classified in single lesion or multiple
lesions.

the type of mammographic lesion, classified in accordance
with the recommendations of the proposed American College
of Radiology Breast Imaging Reporting and Data System (ACR
BI-RADS) [24] into mass (nodule), mass  with
microcalcifications, isolated microcalcifications and

distortions.

2.3 Radiomic analysis

Mammographic images were reviewed to collect radiomic
data from the tumor and the contralateral gland, which were
manually segmented by two radiologists in consensus.



Radiomic data were compared between tumors and
contralateral glands of BRCA-mutated

and non-BRCA mutated women and different radiomic
classifier were tested to predict mutational status.

2.3.1. Segmentation

For each patient the tumor lesion (or lesions, where more
than one had been detected) was individuated and manually
segmented through a contouring tool including all the visible
lesion in Advantage Workstation 4.7 (GE Healthcare) using
the mammographic projection where it was Dbetter
demarkable. The two radiologists together evaluated every
single image and decided in consensus on which
mammographic projection to segment the lesion. An elliptical
Region of Interest (ROI) of standard size (100 mm2) was
drawn in the most homogeneous area of the contralateral
healthy gland using the analocgue mammographic projection
of the same date or, if not available, of the corresponding
bilateral mammographic investigation closer to the time of
diagnosis. (Figure 1-4). The two radiologists in consensus
decided the piacement of the ROI within the healthy glandular
tissue following homogeneity criteria.

We used 17 LCC, 11 LMLO, 8 RCC, 11 RMLO, 3 LML and 2 RML
projections for the segmentation of the tumoral lesions, and
8 LCC, 13 LMLO, 17 RCC, and 14 RMLO projections for the
segmentation of the healthy glands.

We evaluated inter-rater reliability using the Intraclass
Correlation Coefficient (ICC) on a subset of 20 lesion volumes,
estimated with a two-way random-effects model assessing
absolute agreement.

2.3.2 Preprocessing



Images were normalized by scaling data to a range 0-1 based
on the 1st and the 99th percentile with a custom Python

routine.

2.3.2. Features extraction

Radiomic features were extracted from the ROIs (described in
the Segmentation section) with a custom Python routine
through the Pyradiomics library, using a bin number equal to
20 and a symmetrical Gray Level co-occurrence matrix. The
other extraction parameters were left as default.

All available features were extracted except for shape
features for glandular ROIs since the considered ROIs had a
fixed shape.

2.3.4. Features selection and data preparation

The processing of the extracted features and the statistical
analyses were performed through a Stata 17 code with
Python 3.8 integration, using the Python libraries SK-learn v.
1.0.2, and Numpy v. 1.24.4. The extracted features were
standardized by subtracting the mean value and

dividing by the standard deviation. We first considered
separately the features from the tumor and the contralateral
gland, then we performed another analysis with all the
features together building three different models: a model
with gland features only, a model with tumor features only
and a comprehensive model with both tumor and gland
features.

For dimensionality reduction, the most important and
discriminative features for BRCA status classification were
selected with Maximum Relevance Minimum Redundancy
algorithm. To decide the number of selected features we
visually inspected the correlation heat-plot of all



the features, showing the Spearman correlation matrix in
color scale, with rows and columns sorted by similarity via
hierarchical clustering (figure 5-7). The number of features
corresponded to the number of components derived from
Principal Component Analysis (PCA), accounting for 80% of
the total variance in the Spearman correlation matrix [25].
Feature standardization and feature selection via mRMR were
performed on the complete dataset. While this approach may
introduce some data leakage, it allows for a consistent set of
selected features and simplifies the application of the final
model.

2.3.5. Modelling

The selected features in each model were used to train 4
classifiers, one linear, Logistic Regressicn, and the other ones
non-linear, which were Support Vector Classifier (SVC),
Random Forest and Decision Tree. The setting parameters
were left as default, i.e. SVC with 1 as regularization
parameter; Randorm Forest with 100 estimators and no

maximum depth, as well as for Decision Tree.

2.3.6. Evaluation

The models were internally tested through stratified 10-fold
cross validation by permuting 10 times the training (90% of
the entire sample) and the testing dataset (10%).
Furthermore, the stratified cross validation allowed to keep
the same percentage of patients with and without the
mutation in each permutation, balancing the two groups.

For each model and permutation, we calculated the Area
Under ROC Curve (AUC), the accuracy, the sensitivity, and the
specificity. The sensitivity and specificity were computed at
their optimal value in the ROC curve, maximizing their

geometric mean.



Then, we considered the mean and the standard deviation
(SD) of these scores across the 10 permutations. As
suggested in other studies we used AUC as the discriminant
metric to identify the best model [26].

To evaluate if the different models and the classifiers had
significant differences, we used the Delong’s test.

3.0 RESULTS

3.1 Baseline demographic and clinical characteristics

Among patients with TNBC histological diagnosis from
February 2010 to August 2021, we retrospectively selected
52 patients (mean overall age 47,97 £ 9,4, mean age of
mutated patients 44,99 = 10,4, mean age of non-mutated
patients 47,97 = 9,4) who had histological diagnosis of TNBC
and performed a mammographic examination at the time of
the diagnosis. 13 of the 52 patients were BRCA mutated and
39 were non-BRCA mutated. The mamimographic lesions were
identified as masses in 36 cases as one patient had two
lesions in the same gland, as masses with microcalcifications
in 15 cases and as isolated microcalcifications in 2 cases.
The lesions were classified as “single” in 51 patients, while
only one of them had more than one lesion.

Characteristics of study population are shown in Table 1.
Concerning the ICC analysis across different raters, the
single-measure ICC for lesion volume was 0.986 (95% ClI:
0.964-0.994; p < 0.001), indicating excellent reliability
between the two raters.

3.2. Radiomic features analysis

The total number of extracted features was 195, classified in
first order, second order and features from texture analysis.
We extracted 18 intensity-based first-order statistical
features, 24 Gray level cooccurrence matrix (GLCM) features,
16 Gray Level Size Zone Matrix (GLSZM) features, 5
neighborhood gray-tone difference matrix (NGTDM) features,



16 Gray Level Run Length Matrix (GLRLM) features, 14 Gray
Level Dependence Matrix (GLDM) features and 9 2D shape
features.

Correlation heat-maps showed that almost 3 radiomic
features from tumor segmentations and 3 from gland
segmentations were sufficiently independent to be used in
the final model without redundancies. Hence, we set the
number of selected features to 6 in the model including both
tumor and gland features.

According to the AUC parameter, the best classifier for BRCA
mutational status was Logistic Regression in all the models
(Figures 8-10), followed by SVC in the model fitted with gland
features and that fitted with both gland and tumor features
and by Random Forest in the model fitted with tumor features
only.

The model that showed better resuits was the one with gland
features only (AUC = 0,827 for Logistic Regression as
classifier) (Table 2-4).

The Delong’s test showea a statistically significant difference
(p < 0,05) between Logistic Regression and Decision Tree in
the mode! with gland features only.

The features selected for the model fitted for the gland were
Sum Entropy (GLCM), Size Zone Non-Uniformity Normalized
(GLSZM) and 90thpercentile (first order).

The features selected for the comprehensive model were
SumEntropy from gland (GLCM), RunEntropy from lesion
(GLRLM), Gray Level Non-Uniformity from lesion (GLRLM),
Minimum from lesion (first order), Small Area Low Gray Level
Emphasis from lesion (GLSZM) and Median from gland (first
order).

Eventually, selected features from tumor segmentation were
Dependence Variance (GLDM), Energy (first order) and
Kurtosis (first order).



GLCM Sum Entropy, a feature from texture analysis, which is
inherently related to the qualitative characterization of the
tissue [27]and to the randomness in the image values [28],
was significantly higher in BRCA mutated patients in the
model fitted with gland features only and in the

comprehensive model (figure 11-12).

3.3. Association of non-radiomic features variables with the
outcome

Among clinical characteristics, no statistically significant
differences were observed between the two groups, probably
due to the limited sample size. However, the BRCA mutated
patients were sensibly younger than the BRCA non mutated
ones (p value = 0,08) as we observed in our previous

radiomics study about MRI already published [4].



4.0 DISCUSSION

Considering the results obtained from breast MRI radiomic
analysis on patients with triple negative breast cancer (TNBC)
regarding the possibility of distinguishing BRCA mutated and
non-mutated patients, we considered the possibility to
perform the same analysis in parallel on mammographic
examinations on the same patients’ group [4].

We therefore tried to evaluate the feasibility of a radiomic
anhalysis on mammographic examinations.

In fact, in literature there are not many works of radiomic
analysis performed on mammographic examinations [29],
[30] but most of the breast literature has developed on MRI
radiomic analysis and more recently on contrast
enhancement mammography (CEM) [17].

However, previous studies about computer extracted
mammographic texture features demonstrated that the
digital mammographic images contain computer extractable
information not captured during routine radiologic
interpretation which may permit an improved real-time risk
stratification of breast cancer among women undergoing
screening mammography [31], [32], [33].

Other authors have used radiomic analysis to develop an
algorithm capable of recognizing suspicious lesions in
mammographic examination and characterizing them,
reducing diagnostic errors, false positives and negatives[30].
So, since the patients on whom we conducted radiomic
analysis in MRI also underwent mammographic examination
at the time of diagnosis, we decided to perform the radiomic
analysis even on the mammographic images to evaluate the
outcome in comparison with the results previously obtained.
As reported in the literature [5], the TNBC mammographic
lesion most frequently presented was the mass with (15
cases) or without (36 cases) microcalcifications and this made



the lesion segmentation in the mammographic images easier.
Manual segmentation performed on mammographic images
allowed for the extraction of radiomic features from both
tumor lesions and normal glandular tissue. We used a manual
segmentation technigue unlike other authors [30] ,
considering the need to perform a different data extraction
both from lesions defined as TNBC but also from areas of
normal glandular tissue. Manual segmentation seemed to us
the best technique also considering the different typology of
lesions and the low number of cases.

We first considered separately the features from the tumor
and the contralateral gland, then we performed another
analysis with all the features together building three different
models: a model with gland features only, a model with tumor
features only and a comprehensive modeil with both tumor
and gland features.

Correlation heat-maps showed that, among the 195 features
initially extracted, almost 3 from tumor segmentations and 3
from gland segmeritations were sufficiently independent to
be used in the final model without redundancies. Hence, we
set the number of selected features to 6 in the model
including both tumor and gland features.

According to the AUC parameter, the best classifier for BRCA
mutational status, among the four trained, was Logistic
Regression in all the models, followed by SVC in the model
fitted with gland features and in the one fitted with both gland
and tumor features and by Random Forest in the model fitted
with tumor features only. The model that showed better
results was the one with gland features only (AUC = 0,827 for
Logistic Regression), with accuracy of 77%, sensitivity of 80%
and specificity of 93%.

In light of the results obtained we believe that healthy

glandular tissue may represents a structurally more



homogeneous environment unlike tumor lesions in which,
following neo-angiogenesis and cellular proliferation index,
we can find necrosis and hemorrhage, sources of structural
heterogeneity. Therefore, we believe genetic patterns can be
more easily traced in glandular tissue. Similarly, combining
the gland and tumor model, for the reasons outlined above,
may reduce their predictive performance.

The results in terms of AUC related to the classifiers tested
for the mutational status are superimposable to those
obtained in the MR radiomic model. In particular, the linear
logistic regression classifier shows the best results in both
mammographic and MR radiomic models in association with
the nonlinear SVC model. The same logistic regression model
is confirmed to be reliable in other literature works that
develop predictive mutation models integrated with clinical
data [34], [35].

Considering the results of the literature, we evaluated the role
of texture features extracted from glandular tissue in
discriminating between BRCA-mutated and non-mutated
patients to investigate the possibility of including radiomics in
multifacterial risk assessment systems.

GLCM Sum Entropy, a feature from texture analysis which is
related to the randomness in the image values [28], was
significantly higher in BRCA mutated patients in the model
fitted with gland features only and in comprehensive model.
Therefore, even our analysis has underlined the role of
texture analysis features [27], [30]; previously, the work of
S.G. Sapate et al. emphasized that considering the intrinsic
limitations of mammographic examination, geometric
features alone are unable to distinguish between benign and
malignant lesions but that it is necessary to include texture
analysis features such as gray level co-occurrence matrix
(GLCM), in order to make the model reliable. The authors



include 48 textural and seven geometric features underlining
the role of texture analysis in mammography radiomic
analysis. The differences we found in texture radiomic feature
GLCM Sum Entropy, according to BRCA mutation status, both
in the model fitted with gland features only and in the
comprehensive model may probably reflect underlying
biological status: germline BRCA mutations are known to
influence genomic stability, [36] and cellular differentiation,
[37] potentially leading to biological alterations in breast
tissue microarchitecture that could be captured by radiomic
texture features such as GLCM Sum Entropy, which is related
to the randomness in the image values [28]. In this context
radiomic may detect gene-based biological patterns not
visually appreciable on conventional imaging.

In agreement with our study, several works in literature have
highlighted the importance of GLCiM Sum Entropy and in
general of texture analysis in oricology. [28], [38], [39], [40],
[41]

This result indeed is in line with other works in the literature
that emphasize the role of breast tumors texture analysis with
radiomic extraction in the differentiation of TNBC and non-
TNBC tumors and in the identification of androgen receptor-
positive TNBC [40]; or the importance of similar texture
analysis features in predicting malignancy of suspicious
microcalcifications on CEM [28].

Similarly, in other works in the literature that consider PET CT,
radiomic texture analysis is used with a predictive prognostic
role in patients with lymph node metastases from an unknown
primary tumor, or as predictor of Lynch syndrome and PDL-1
expression [38], [39].

Looking at the classification of breast density in the two
populations, mutated and non-mutated, although we can see
how in patients carrying the BRCA mutation, class B



absolutely prevails and in non-mutated patients there is a
balanced subdivision between the B and C density patterns,
as already reported in the literature, there are no significant
differences in the BRCA mutated and non-mutated
populations in the glandular density patterns and/or in the
morphological characteristics of the tumor lesions in this case
with triple negative molecular subtype [42].

On the other hand, as also highlighted in our previous work of
MR radiomic analysis [4] and in other works in the literature
[31], [32], [33], evidence emerges that the normal glandular
tissue may contain information that do not result in a different
glandular pattern at mammographic images and cannot be
highlighted during the normal process of visualization and
analysis by the radiologist but that can be detected by
radiomic analysis and can distinguish patients based on their
mutational status.

These results also strengthenea the concept that mutational
status can be associated with biological and molecular
differences in glandular tissue that generate texture features
able to discriminate between mutated and non-mutated
populations.

In both radiomic analysis of TNBC in MRI and mammography,
no features significantly associated with the mutational status
emerged from the tumoral lesions. This suggests that, at a
molecular level, TNBC probably has characteristics common
to mutated and non-mutated patients.

Also, among clinical characteristics, no statistically significant
differences were observed among the two groups, even if the
BRCA mutated patients were sensibly younger than the BRCA
non mutated ones (p value = 0,08) as we observed in our
previous radiomics study already published.

As already highlighted in the literature, great interest has
emerged in recent years to develop a mammography-based



deep learning tools for breast cancer prediction also in
dataset from a high-risk population based on the detection of
precancerous variations on the mammographic examination
[26] or in investigating the association between phenotypic
and genotypic characteristics of diseases, especially
oncological ones, as an objective of the emerging chapter of
precision medicine [20]. Our work fits into this chapter by
looking for, through the radiomic analysis of biomedical big
data contained in images, the relationships between genomic
structure and TNBC, going further in the research for
relationships between genomic structure and risk of
developing breast cancer.

We explored the possibility of using texture radiomic analysis
of glandular tissue in mammographic examination to predict
genetic mutation risk and we obtained results that, if
confirmed in large series of patients, suggest the possible
development of Al tools based on radiological images to be
inserted into risk assessment systems. [4][17]

Most of the literature on radiomics in breast cancer relies on
MRI studies[17], as It is a multiparametric technique that
allows for analysis of different data subsets (contrast
enhancement, DWI, T2), offering a greater number of
possibilities than mammography. However, mammography is
a more widely available and used technique in the screening
setting, therefore evaluating the feasibility and accuracy of
radiomic analysis in mammography aims to identify a tool
that can be incorporated into risk assessment systems
applicable to large number of women.

This study has some limitations: First, due to its retrospective
nature, mammographic examinations were not performed
using the same mammograph, however, all examinations
were acquired using digital mammography with standardized
projections. Second, the sample size was limited;



nevertheless, the study population was highly selected and
homogeneous, a feature that, while reducing variability, may
also represent a source of bias. Eventually, the study lacks
external validation, which could be achieved through future
single-center or multi-center studies addressing the same

research question.

5.0 CONCLUSIONS

This study demonstrates the feasibility of radiomic analysis
applied to mammographic examinations and suggests a
potential role for radiomic texture features of normal breast
glandular tissue, analyzed using linear regression models, in
discriminating BRCA mutation status.

These findings support the hypothesis that normal glandular
tissue, rather than tumor tissue, may contain radiomic
information reflecting underlying gene-driven biological and
molecular differences. Overall, the results indicate that
mammography could potentially be used not only as a
screening tool but aiso as a non-invasive approach for patient
stratification according to their mutational status and disease
risk. However, it is important to underline that these findings
should be considered preliminary and require confirmation in
larger, independent, prospective multicenter studies and in
radiomic models integrated with clinical data.

Data availability statement

The datasets analysed during the current study are available

from corresponding author on reasonable request.
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TABLES



BRCA- Non- Overall
mutated BRCA- (n =
(n = 13) mutated 52)

(n = 39)
Characteristic
Breast density
A 2 5 7
(15.4%) (12.8%) (13.5%)
B 7 13 20
(53.8%) (33.3%) (38.5%)
C 2 15 17
(15.4%) (38.5%) (32.7%)
D 2 6 8
(15.4%) (15.4%) (15.4%)
Number of lesions 13 40 53
Lesion type
Mass (nodule) 9 27 36
(69.2%) (67.5%) (67.9%)
Mass + 4 11 15
microcalcifications (30.8%) (27.5%) (28.3%)
Isolated 0 (0%) 2 (5.0%) 2
microcalcifications (3.8%)
Extent of disease
Single lesion 13 38 51
(100%) (97.4%) (98.1%)
Multiple lesions 0 (0%) 1(2.6%) 1
(1.9%)
Age (years) 44.9 + 49.0 £ 48.0 £
10.4 8.9 9.4

Data are presented as number (%) unless otherwise
indicated. Breast density categories according to BI-RADS.
Age is reported as mean = standard deviation.



Table 1: Clinicopathological and mammographic characteristics of the study

population according to BRCA mutation status

Model AUC Accuracy Sensitivity Specificity
Mean Mean
(SD) (SD) Mean (SD) Mean (SD)
0,79 0,75

SVC (0,2) (0,04) 0,6 (0,39) 0,9 (0,09)

Random 0,75

Forest (0,17) 0,73 (0,1) 0,8 (0,27) 0,83(0,17)

Decision 0,69 0,74

Tree (0,18) (0,13) 0,57 (0,25) 0,82 (0,13)

Logistic 0,83 0,77
Regression (0,16) (0,04) 0,8 (0,16) 0,93 (0,1)

Table 2: Scores of the considered classifiers from the model fitted with
gland features selected with MRMR.

Model AUC Accuracy Sensitivity Specificity
Mean Mean
(SD) (SD) Mean (SD) Mean (SD)
0,74

SVC 0,73 (0,16) (0,06) 0,77 (0,2) 0,6 (0,27)



Random

0,74

Forest 0,59 (0,23) (0,09) 0,73 (0,25) 0,68 (0,22)
Decision 0,66
Tree 0,61 (0,2) (0,09) 0,53(0,4) 0,75(0,22)
Logistic 0,72
Regression 0,73 (0,2) (0,12) 0,87 (0,27) 0,83 (0,17)

Table 3: Scores of the considered classifiers from the model fitted with

tumor features, selected with MRMR.

Model AUC Accuracy Sensitivity Specificity
Mean Mean
(SD) (SD) Mean (SD) Mean (SD)
0,41 0,76
SVC (0,15) (0,04) 0,8 (0,27) 0,65 (0,12)
Random 0,6
Forest (0,12) 0,7 (0,03) 0,8 (0,16) 0,65 (0,15)
Decision 0,55 0,68
Tree (0,09) (0,07) 0,37 (0,22) 0,75 (0,14)
Logistic 0,73 0,74
Regression (0,13) (0,07) 0,87 (0,16) 0,73 (0,12)

Table 4: Scores of the considered classifiers from the model fitted with

both tumor and gland features, selected with MRMR.
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