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 A B S T R A C T

Breast density assessment plays a crucial role in mammography interpretation and breast cancer risk evaluation. 
Traditionally, this process relies on subjective radiological assessment, which can lead to variability in results. 
Recently, deep learning algorithms have shown great promise in automating breast density classification 
based on mammography images. In this study, we propose a deep learning-based approach for breast density 
classification using microwave imaging technology. We developed and trained a custom convolutional neural 
network using raw measurement data from a microwave breast test device to classify patients’ breasts as dense 
or non-dense, with radiologist assessments based on the BI-RADS classification system serving as reference. 
The dataset comprised 6709 measurements: earlier data (first 5920 measurements) were split into training 
(75%) and validation (25%) sets, while the most recent data (last 789 measurements) formed an independent 
test set. The measurements were collected using different devices from multiple sites. The model architecture 
was selected on the basis of a device-stratified Monte Carlo cross-validation, ensuring that data from different 
acquisition devices were proportionally represented in each fold. The selected model achieved a total accuracy 
of 80.1%± 0.7% on the test set, with 79.4%± 1.8% and 80.8%± 2.4% accuracy for low- and high-
density cases, respectively. Furthermore, bilateral consistency was identified as a key indicator of classification 
reliability, reaching 84 % of performance accuracy when verified. This work demonstrates that it is possible to 
aid clinical decision-making in screening programs with quantitative results based on non-ionizing radiation.
1. Introduction

In modern clinical practice, personalized medicine approaches are 
becoming increasingly important for patient care. During breast cancer 
screening, breast density (BD) represents a critical patient-specific char-
acteristic that provides valuable information for risk assessment [1]. 
High BD has the highest attributable risk of developing cancer, even 
with respect to breast cancer gene mutations (BRCA) [2]. BD is a 
comparison of the relative amounts of fat versus fibroglandular tis-
sue in the breast [1] and its assessment depends on the radiologist’s 
visual quantification of the amount of fibroglandular tissue from mam-
mography, magnetic resonance imaging (MRI), or ultrasound images. 
According to BI-RADS [1], BD is classified into four levels denoted 
by capital roman letters: A, the breasts are almost entirely fatty; B, 
there are scattered areas of fibroglandular density; C, the breasts are 
heterogeneously dense; D, the breasts are extremely dense.

∗ Corresponding author at: Politecnico di Torino, Torino, Italy.
E-mail address: alessandra.ronca@polito.it (A. Ronca).

BD affects the sensitivity of a mammography screening program [3]. 
From a statistical analysis on about 25000 patients, the overall sensi-
tivity of a screening program for breast cancer detection resulted in 
79.9%; however, by dividing the patients based on the BD assessed 
by radiologists, the sensitivity increased for A and B classes to, re-
spectively, 100% and 83.9%, and decreased for C and D classes to, 
respectively, 72.9% and 50.0% [3]. Dense breasts pose a challenge, 
because the fibroglandular tissue can mask radiological signs of cancer. 
Optimizing screening protocols based on BD could improve diagnostic 
accuracy and early cancer detection.

1.1. Current approaches to breast density classification

Currently, there are no universally agreed methods for BD clas-
sification [4]. These methods can be subjective (BI-RADS [1], Hand 
Delineation), where the radiologist assigns a BD category based on their 
https://doi.org/10.1016/j.bspc.2026.110185
Received 26 November 2025; Received in revised form 9 March 2026; Accepted 28
746-8094/© 2026 The Authors. Published by Elsevier Ltd. This is an open access ar
 March 2026
ticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/bspc
https://www.elsevier.com/locate/bspc
https://orcid.org/0009-0005-7779-6398
https://orcid.org/0000-0001-8659-6666
https://orcid.org/0000-0002-5102-0760
https://orcid.org/0000-0001-6132-8454
https://orcid.org/0000-0002-2382-4710
https://orcid.org/0000-0002-4829-5130
mailto:alessandra.ronca@polito.it
https://doi.org/10.1016/j.bspc.2026.110185
https://doi.org/10.1016/j.bspc.2026.110185
http://creativecommons.org/licenses/by/4.0/


A. Ronca et al. Biomedical Signal Processing and Control 120 (2026) 110185 
Fig. 1. Proposed MWI-based screening workflow. Women undergo MWI examination using the MammoWave device, from which S21 scattering parameters are 
extracted and processed through a 3D CNN for automated BD classification. Based on the binary classification outcome (non-dense vs. dense), women could be 
assigned to differentiated and personalized screening pathways.
own visual evaluation of the images, or semi-automatic (ImageJ [5], 
Cumulus [6]), or fully automated (VOLPARA [7], Quantra [8]).

Recently, the possibility of using deep learning (DL) technologies to 
classify the BD have become the subject of scientific investigation [9–
11]. Properly engineered DL models can perform BD evaluations with 
accuracy comparable to experienced radiologists: a 94% accuracy for 
dense or non-dense classification and a 90% accuracy for the four 
classes assessment are shown in [12]. In [13], accuracies of 80% 
in four-class BD classification and 93% in binary classification are 
obtained on a multi-site dataset. A hybrid machine learning and DL 
approach for breast segmentation, BD estimation and density-based risk 
assessment is presented in [14], and showed a strong agreement with 
Cumulus. Finally, an outstanding approach with an overall accuracy of 
98.75% was presented in [9]. DL has been used for BD assessment also 
in breast MRI, obtaining an accuracy of 67% and 89% for four-class 
and binary classifications, respectively [15].

These DL models leverage extensive datasets, available for conven-
tional breast imaging technologies with decades-worth of accumulated 
data that can be used. Similar DL models have never been proposed for 
BD classification in microwave imaging (MWI).

1.2. Breast density classification in microwave imaging

Over the past decade, significant research efforts in MWI have 
positioned it as a promising alternative to conventional breast exam-
ination technologies. MWI is non-invasive, cost-effective, and could 
complement other techniques, such as mammography or ultrasound, 
particularly for women with high BD, where mammography may be 
less effective [16].

In a typical MWI system, an electromagnetic (EM) signal is emitted 
from a source and directed towards the breast. Upon interaction with 
the breast, the scattered signal is collected by a receiving system. 
The fundamental principle enabling tumor detection is the electrical 
property (EP) contrast between malignant and healthy breast tissue, 
which introduces characteristics within the scattered signal that can be 
interpreted.

The EP contrast is large also between fat and fibroglandular tissue, 
suggesting a direct correlation between the average EP values of a 
breast and its BD. The average permittivity of two subjects’ breasts, one 
in class B and the other in class D according to VOLPARA, have been 
estimated in [17] starting from MWI results and a significantly larger 
average permittivity was observed in the subject in class D. This fact 
is further demonstrated in this work through an analysis of anatomical 
breast models.

The shared dependency of both averaged EP values and BD on 
breast tissue composition enables the potential use of EPs as a novel 
method to characterize BD. In particular, since the measured EM signal 
depends on the target EPs, it is reasonable to assume that different 
features are present in the MWI signal for each BD class. Indeed, a 
MWI device used to assess the BD by analyzing its 3D output images 
has already been presented in the literature [18]. Precisely, a binary 
classification (classes A and B denoted as non-dense, and classes C 
and D as dense) with an accuracy of 76% in a group of healthy 
volunteers has been obtained through a statistical analysis of the image 
2 
histograms. The accuracy decreased to 70% in presence of pathological 
cases.

Smith et al. [19] developed an alternative handheld device based on 
microwaves to assess BD. The device acquires twelve measurements per 
breast across different angular positions and employs an undisclosed 
algorithm to analyze the received microwave signals to determine the 
BD. The authors performed a clinical validation involving 557 breasts 
and reported a good agreement with radiologist classification (Cohen’s 
kappa = 0.659). In particular, they observed an accuracy of 70.9% for 
four-class classification and of 91.9% for binary classification.

On the one hand, BD assessment based on MWI output [18] is 
limited by its spatial resolution, which is too low to enable accurate 
volumetric quantification of different tissue types within the breast, as 
achieved by other imaging technologies. On the other hand, it has been 
proven that BD classification based on EM measurements is feasible 
with high accuracy levels [19], although through a design exclusive for 
BD classification. The approach proposed in this paper integrates BD 
classification based on EM measurements with a MWI device, avoiding 
the elaboration of the imaging output and potentially serving as a 
support mechanism to incorporate prior information into the image 
reconstruction algorithm itself.

Precisely, a three-dimensional (3D) convolutional neural network 
(CNN) for BD classification will be presented in this paper. The 3D 
CNN was trained and validated on a suitable amount of measured 
S-parameters by a MWI device for breast cancer detection, aiming 
to classify the patient’s BD by extracting information from raw data. 
To the best of authors’ knowledge, this is the first time a DL model 
operating on the raw S21 parameters of an MWI system is proposed 
for BD classification. The considered MWI system is the MammoWave 
device (UBT Srl, Perugia, Italy) [20]. The clinical implementation of 
the proposed approach is shown in the flowchart in Fig.  1.

2. Methods

2.1. Breast EPs and density analysis

To investigate the relationship between breast tissue EPs and BD, 
110 digital single-breast models were utilized. The digital models were 
generated using data acquired from a public repository containing 
models in MHA format derived from MRI images for medical imaging 
research [21]. The images were processed using 3D Slicer (https://
www.slicer.org/) and converted to 3D voxel models, where six tissues 
were distinguished: skin, muscle, fibroglandular tissue, fat, and, if 
present, benign or malignant tumors. EP values of healthy tissues were 
assigned according to the database of the IT’IS Foundation [22]. For 
benign and malignant tumors, the EPs at different frequencies were 
linearly interpolated from 0.5GHz to 8.0GHz based on the values 
reported in [23].

Fig.  2 illustrates the process for a breast model, highlighting in 
particular the region of interest (ROI) chosen for the analysis (Fig.  2c), 
and the distribution of the assigned EPs (Fig.  2d). The chosen ROI 
comprises the part of the breast mainly exposed to MWI radiation, 
whereas it excludes the chest area.

https://www.slicer.org/
https://www.slicer.org/
https://www.slicer.org/
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Fig. 2. Example of a virtual breast model: (a) the breast’s anatomical model, (b) the sliced left breast, (c) the part of the model in the ROI chosen for the analysis, 
(d) the maps of relative permittivity and conductivity (S/m) of a cross-section of the breast model (Colormap: [24]).
For each model, both BD and spatial average EPs were calculated. 
The BD was obtained as the ratio between the volume occupied by 
fibroglandular tissue and the total volume of the model within the 
ROI, following a common volume-based approach [25]. Finally, the 
correlation between EP values and BDs was investigated.

2.2. Data collection through MammoWave device

MammoWave is an MWI system operating in the frequency range 
from 1GHz to 9GHz. It employs a multi-bistatic scanning approach 
with a stationary transmitting horn antenna, that irradiates the breast 
under examination, and a moving receiving Vivaldi antenna that col-
lects the scattered signals. Both antennas operate in the air without 
matching medium and are vertically positioned at the same height.

During operation, the transmitter is positioned at 10 different loca-
tions, organized as five pairs centered at 0°, 72°, 144°, 216°, and 288° 
around the breast holder. Each pair of locations consists of two slightly 
tilted positions almost 4.5° from the central angle to enable signal 
subtraction or averaging. For each transmitting position, the receiving 
antenna rotates a full 360° around the breast, collecting signals at 
80 positions with 4.5° increments. The antennas connect to a 2-port 
Copper Mountain vector network analyzer (VNA) that collects the S21
parameters.

A complete scan takes approximately 8min. During the examina-
tion, the patient lies prone on the MammoWave bed with a breast 
positioned within a cup inside a cylindrical hub. In the conventional 
application of MWI, the received S21 parameters are processed by an 
algorithm based on Huygens’ principle [20].

MammoWave has been involved in three clinical trials:

1. ‘‘A multicentric, single arm, prospective, stratified clinical inves-
tigation to evaluate the ability of MammoWave in breast lesions 
detection’’ (NCT04253366), activated in 3 clinical centers in 
Italy and Spain. The study is completed with 353 volunteers.

2. ‘‘A Clinical Investigation to Confirm the Ability of MammoWave 
in Breast Lesions Detection’’ (NCT05300464), activated in 3 
clinical centers in Italy and Spain. In this ongoing study, more 
than 400 volunteers have been enrolled [26].

3. ‘‘A Clinical Investigation to Evaluate Microwave Imaging Via 
MammoWave in a Population-based Screening Program for Early 
Breast Cancer Detection’’ (NCT06291896). This study recruits 
10000 volunteers in 10 European centers and was approved by 
the relevant Ethics Committees of Italy, Spain, Portugal, Poland, 
and Switzerland [27].
3 
In all the clinical trials, all volunteers, after signing the informed 
consent, underwent MammoWave examination, in addition to the con-
ventional breast examination path (used as reference standard), during 
which data related to the mammographic BD was collected. For this in-
vestigation, we retrospectively used 6709 breast data (collected within 
the aforementioned ongoing clinical trials) from women with a mean 
age of 58.3 years± 7.6 years (range: 33 years to 77 years). Occurrences 
of each BD class are almost uniformly distributed within the considered 
age range.

Although the technicians are trained to follow standardized acquisi-
tion procedures, breast positioning as well as possible different system 
drifts can slightly affect MammoWave acquisition.

2.3. CNN input datasets

Measured S21 parameters are collected in real-valued tensors with 
dimension 1601×10×80×2: the frequency sampling of 5MHz gives 
1601 data composed by 10 transmitter locations, each with 80 receiver 
locations, split into real and imaginary part. Before providing this data 
to the developed CNN, some pre-processing was performed.

Measurements coming from transmitters in paired locations were 
averaged. This helped reducing input data without significant loss 
of information, given the small differences in antenna positions and 
consequently in the acquired data.

Only 9 frequencies uniformly distributed in the frequency range 
were selected to limit the amount of input data while maintaining 
a good variability in the signals. The frequency selection strategy 
was validated by statistically comparing models with higher sampling 
densities and employing Grad-CAM [28] attention analysis.

The input data to the CNN ends up in a 3D structure composed 
of 9 frequencies, 5 transmitter locations, and 80 receiver locations 
ordered in the three dimensions. The real and imaginary components 
are concatenated as two channels, resulting in a 4D input tensor of 
dimensions 2 × 9 × 5 × 80.

The collected data were split into two datasets. One dataset contains 
the first 5920 acquired cases. They consist of 552 samples for class 
A, 2472 for class B, 2266 for class C, and 630 for class D. This 
distribution is in accordance with the BD distribution observed in the 
general population, where the frequency of breast densities is reported 
as 10 % A, 40 % B, 40 % C, and 10 % D [3]. This set was used for 
the CNN training and validation. The other dataset contains the last 
789 acquired samples and was used to test the trained model on blind 
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Table 1
Distribution of the device data. The columns ‘Non-dense’ report the percentage 
of volunteers in each dataset with non-dense BD according to the radiologists’ 
classification.
 Device Training (75%) and 

validation (25%)
Non-dense Blind data Non-dense 

 1 398 50.0% 74 62.2%  
 2 707 42.0% 246 33.3%  
 3 752 33.2% 1 0.0%  
 4 693 52% 74 68.9%  
 5 952 72.2% 182 71.4%  
 6 1428 50.9% 64 43.8%  
 7 965 51.1% 0 –  
 8 25 56.0% 148 45.3%  
 9 0 – 274 48.9%  
 All 5920 50.9% 1063 50.6%  

data, simulating a clinical scenario. This chronological separation of the 
available data is significant because the second dataset might contain 
errors or system drifts not present in the training and validation dataset, 
providing a more realistic assessment of the model’s applicability in 
clinics.

Conventional breast examination path allowed to classify the 6079 
breasts as follows: 35 breasts with histology-confirmed tumor, and the 
remaining 6044 breasts with no lesion or benign lesions.

As illustrated in Section 2.2, the data were collected across different 
acquisition sites (identified by an anonymized label from 1 to 9), each 
equipped with the same model of the MammoWave device. First and 
second dataset comes from devices 1 to 8, and 274 additional data 
measured by device 9 were classified as dense or non-dense by the CNN 
to assess the ability of the method to classify unseen data from a newly 
introduced device.

The distribution of the data across devices and the percentages 
of non-dense BD classified by radiologists in each site are reported 
in Table  1. BD classification is the result of the assessment of two 
independent radiologists. When a consensus was not reached, a third 
independent radiologist was consulted to determine the final classi-
fication. For each patient, the final assessment is available, whereas 
the single outcome of each radiologist and the possible intervention of 
the third radiologist are not available information. Automated software 
tools were not used for BD assessment as they were not available in all 
the involved sites.

2.4. Device stratified Monte Carlo cross-validation

To ensure robust model evaluation and hyperparameter optimiza-
tion, a device stratified Monte Carlo cross-validation approach was 
implemented. The first dataset, used for training and validation of the 
CNN, comprised measurements from eight distinct devices (cf. Table  1). 
To maintain the representativeness of each device across the training, 
stratified sampling that preserves the distribution of data across each 
device in both training and validation sets was employed.

The training procedure of each model was repeated 10 times, each 
time with an independent training-validation partition of the first 
dataset. To attribute the variability between trained model perfor-
mances exclusively to the model architecture and parameters, the same 
10 partitions of the dataset are used in all the cross-validation studies. 
The following metrics are computed by applying each trained model to 
the corresponding validation set: 

Accuracy = TP + TN
TP + TN + FP + FN (1)

Precision = TP
TP + FP (2)

Sensitivity = TP (3)
TP + FN

4 
Table 2
Hyperparameters tested and final selection. Tabular CL values refer to the 
deepest convolutional block, the other blocks have CL=2. Bold values are the 
starting choice for each parameter.
 Parameter Tested values Selected value 
 

CB - CL

5 - 2
5 - 1
4 - 2
4 - 1
3 - 2
3 - 1
2 - 2
2 - 1

3 - 1

 

 FCL 16, 32, 64, 128, 256, 512 32  
 
CH

(16, 32, 64)
(32, 64, 128)
(64, 128, 256)
(128, 256, 512)

(32, 64, 128)
 

 AF ReLU, PReLU PReLU  
 LR 0.01, 0.005, 0.001, 0.0005, 0.0001 0.01  
 DR 0.0, 0.2, 0.3, 0.5 0.2  
 wLF BCE, Cross-entropy Cross-entropy  
 Optimizer Adam, AdamW Adam  

Specificity = TN
TN + FP (4)

F1-score = 2TP
2TP + FP + FN (5)

Here, TP, TN, FP, and FN represent true positives, true negatives, 
false positives, and false negatives, respectively, under the null hypoth-
esis that the breast under examination is dense (i.e., non-dense class 
is negative and dense class is positive). The area under the receiver 
operating characteristic (ROC) curve (AUC-ROC) [29] is evaluated 
as an additional metric. For each metric, both mean and standard 
deviation were computed across the 10 trained models.

2.5. Architecture selection process

To identify the optimal network architecture and hyperparameter 
configuration, a step-wise analysis was conducted using the cross-
validation. Precisely, the hyperparameters listed in Table  2 were op-
timized one by one after setting initially all the parameters to the bold 
values of the second column of the table, as described below.

The initial network configuration processed the input through 3 
convolutional blocks (CB). The first and second blocks contain 2 con-
volutional layers (CL) with kernel sizes of 3 × 3 × 3 and strides of 
1 × 1 × 1, while the third block contains 1 convolutional layer with 
kernel sizes of 3 × 1 × 3, and strides same as before. All the blocks have 
a dropout rate (DR) of 0.3. The first convolutional block transforms the 
2 input channels (CH) into 16 feature maps, the second block increases 
these to 32 feature maps, and the third block produces 64 feature maps. 
Each convolutional block includes a maximum pooling layer with a 
pool size of 2 × 2 × 2, reducing the central dimension to 1 at the last 
block. Kernel size, stride, and pooling were tailored to match the input 
data dimensions. Activation function (AF) at each block is the para-
metric rectified linear unit (PReLU) [30]. The extracted features are 
then flattened and passed through 3 fully connected layers (FCL), with 
1280, 32, and 2 neurons, respectively. The weighted cross-entropy loss 
function (wLF) is used to quantify the discrepancy between the model’s 
predictions and the actual labels. The AdamW optimizer [31] (weight 
decay=1×10−2, betas=(0.9,0.999)) was used to train the model with 
an initial learning rate (LR) of 1×10−3. A dynamic scheduling strategy 
was employed to adapt the LR during training: the LR is reduced by 
a factor of 0.2 whenever the validation metric plateaus, i.e., when no 
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Fig. 3. Average conductivity (left) and relative permittivity (right) at 5GHz against BD.
improvement is observed for 10 consecutive epochs. A minimum LR 
threshold of 1×10−6 was set to prevent excessive reduction.

The selection process relied on a qualitative observation of three 
metrics on validation dataset: accuracy, which indicates the ability of 
networks to classify unseen data, F1-score, which describes the balance 
in the model performance, and AUC-ROC.

2.6. Performance evaluation

Subsequently to the choice of the CNN architecture, the same strat-
ified Monte Carlo cross-validation procedure was applied to the final 
selected model architecture on the second dataset to verify the model’s 
robustness. All the metrics described in Section 2.4 were used to 
describe the binary classification results. In the end, three complemen-
tary analyses were conducted: first, the classification approach was 
extended to four-classes, with the same CNN architecture employed 
to assess whether the model could maintain valuable discriminative 
power; second, a per-device analysis was performed to evaluate the 
generalizability of the classification model across different acquisition 
sites, and to identify potential device-specific biases; third, a bilateral 
breast analysis was conducted to leverage the paired nature of breast 
measurements. All three analyses utilized the same performance met-
rics previously described to ensure consistency and comparability of 
results.

3. Results

3.1. EPs and BD correlation

Fig.  3 shows the average EP values at 5GHz against the BD for 110 
breast models. It illustrates that a highly significant statistical linear 
relationship exists between the two variables, that was consistently 
observed across the entire frequency range (1GHz to 9GHz with 1GHz 
steps).

3.2. Data preprocessing analysis

Previous measurements show that the maximum absolute difference 
between the averaged signals from paired transmitters and the signals 
from the corresponding central transmitter was at most 3.56 % of the 
respective signal ranges. The mean absolute error (MAE) varied from 
0.26 to 0.50 %, while the root mean square error (RMSE) ranged from 
0.35 to 0.72 % across the five pairs.

The attention analysis based on Grad-CAM on the test dataset re-
vealed that the model’s focus was distributed relatively uniform across 
the 9 selected frequencies, with attention weights ranging from about 
0.79 to 0.86.
5 
With regards to the frequency resolution, with 9 frequency points 
(1 GHz intervals) the validation accuracy was 77.2 ± 0.8 %, with 
17 frequency points (0.5 GHz intervals) the validation accuracy was 
74.6 ± 1.5 %, with 33 frequency points (0.25 GHz intervals) the 
validation accuracy was 75.5 ± 1.9 %, and with 65 frequency points 
(0.125 GHz intervals) the validation accuracy was 74.6 ± 1.9 %. 
Training time almost doubled at each frequency resolution increment. 
The statistical analysis, applying Wilcoxon signed-rank test with Bon-
ferroni correction, revealed significantly superior performance for the 9 
frequency points selection compared to the higher frequency resolution 
configurations. Pairwise comparisons for most of the metrics between 
17, 33, and 65 points did not show significant differences. All the 
values extracted from the statistical analysis have been reported in 
Supplementary Materials.

3.3. CNN architecture selection and performance

The final architecture of the CNN implemented in this work is 
presented in Fig.  4.

With respect to the initial choice described in Section 2.5, the Adam 
optimizer is used to train the model with an initial learning rate of 
1×10−2, and the dropout value is chosen equal to 0.2. Table  2 presents 
an overview of the hyperparameters listed in the testing order and, for 
each of them, the optimal choice. Supplementary Material Figs. S1–S8 
report the metric values evaluated for each final parameter choice.

Fig.  5 shows training loss and validation accuracy trends of the 
model with the selected architecture and parameters. For the 10 se-
lected splits of the dataset, the accuracy and loss trends exhibit a 
consistent pattern, reaching a plateau after around 50 epochs. Perfor-
mance metrics for the classification on validation dataset are reported 
in the Supplementary Material Table S1. The performance metrics were 
extracted at epoch 53, to ensure that the reported results reflect a stable 
model performance, while avoiding potential fluctuations due to earlier 
training instability or overfitting at later stages.

The CNNs required about 84 s for training using an NVIDIA A100 
40 GB GPU and about 5 s for inference using CPU (Intel Core i7-4790 
CPU).

3.4. CNN evaluation in a clinical scenario

The second dataset contains 789 data samples measured with the 
MammoWave devices numbered from 1 to 8 in Table  1. Classification 
performance on this dataset presented a mean accuracy value of 74.4 % 
with a standard deviation equal to 1.1 % (all metrics in Supplementary 
Material Table S2). Performance metrics for the classification on the 
additional dataset from device 9 are reported in the Supplementary 
Material Table S3.
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Fig. 4. Architecture of the CNN.
Fig. 5. Model training loss and validation accuracy across multiple training runs.
Fig.  6 reports the accuracy of the model in the classification of the 
breasts in the second dataset device by device.

Final model performance evaluation required some data exclusion: 
device 7 does not contribute to the analysis because there are no data 
to take under consideration in the dataset shifted in time; device 3 
contained only a single sample in the test set, potentially distorting 
aggregate metrics; similarly, device 8 presented a severe class imbal-
ance between training and test sets because of the lack of data in the 
first dataset. On the final filtered test dataset, mean accuracy value 
was 80.1 % with a standard deviation equal to 0.7 % (all metrics in 
Supplementary Material Table S4).

It is interesting to check the accuracy in the classification of 
each of the four BD classes (Supplementary Material Table S5). The 
classification of breasts in class A as non-dense has an accuracy of 
91.4%± 0.8%, and for breasts in class D as dense 96.5%± 1.5%. The 
accuracy for classification of breasts in class B as non-dense and breasts 
in class C as dense is equal to 77.0%± 2.1% and 75.2%± 3.1%, 
respectively.

Fig.  7 shows values of the descriptive metrics of classification 
performance for the validation and the filtered test dataset.

Performance metrics per-device for the classification on the filtered 
test dataset are reported in the Supplementary Material Table S6.

The four-class breast density classification achieved an overall ac-
curacy of about 50.2 ± 2.5 % (all metrics in Supplementary Material 
6 
Table S7). Class-wise accuracy varied, with higher performance for A 
and D of around 82% and around 67% for B and C (Supplementary 
Material Table S8).

The second dataset includes coupled measurements from 313 volun-
teers, with some additional cases involving data from only one breast. 
Among all the breast pairs classified according to BD by the proposed 
CNN, 272± 4 exhibited the same BD value for both the left and right 
breasts, and 84.11%± 0.78% of them are correctly classified. About 
this paired data classification, results in the sub-classes A or B for non-
dense breast and C or D for dense breast were analyzed and reported 
in Table  3.

4. Discussion

The device-stratified Monte Carlo cross validation approach was 
deemed sufficient to capture the central tendency of the proposed 
model performance. The classifier achieves a mean accuracy of
80.1%± 0.7% (Supplementary Material Table S4), indicating solid 
overall performance.

The obtained sensitivity of 80.8%± 2.4% (Supplementary Material 
Table S4) is particularly relevant, because it reflects the model’s ability 
to correctly identify dense breasts, that are the clinically more signif-
icant category due to its association with increased breast cancer risk 
and reduced mammographic sensitivity to tumor detection.
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Fig. 6. Per-device accuracy across Monte Carlo cross-validation. Numbers on 
the horizontal axis, from 1 to 9 (with 7 excluded), refer to the different devices 
as previously labeled. Black filled point corresponds to devices in the filtered 
test dataset. Pink band represents the classification accuracy mean and 95% 
confidence interval on validation dataset (VAL).

Fig. 7. Performance metrics across the validation (VAL) and filtered test (FT) 
datasets.

Furthermore, the specificity value of 79.4%± 1.8% (Supplemen-
tary Material Table S4) shows that the model also performs well in 
correctly identifying non-dense cases, contributing to overall robust-
ness. Although some false positives are unavoidable, the achieved 
specificity helps mitigate their impact, including psychological dis-
tress for patients and unnecessary resource consumption resulting from 
additional examinations.

Results in each of the four BD classes confirm that the classifier 
robustly identifies cases at the BD spectrum’s edges (A and D classes), 
which is clinically crucial as these categories require different screening 
strategies and risk assessments [32]. For B and C classes, the accuracy 
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Table 3
Classification accuracy (mean ± std) across Monte Carlo cross-validation 
models and density classes on the filtered test dataset considering paired 
samples. ‘‘Matching classification’’ refers to cases where both samples in a pair 
receive the same and correct prediction. ‘‘Matching misclassification’’ indicates 
that both samples receive the same but incorrect prediction. ‘‘Mismatch in 
prediction’’ occurs when the classifier assigns different labels to the two paired 
samples.
 Class No. of

couples
Matching
classification (%)

Matching
misclassification (%)

Mismatch
in prediction (%)

 

 A 28 87.86 ± 1.84 3.57 ± 0.00 8.57 ± 1.84  
 B 137 70.51 ± 2.63 16.50 ± 2.13 12.99 ± 1.71  
 C 112 66.61 ± 4.02 17.59 ± 2.98 15.80 ± 2.70  
 D 36 92.50 ± 3.22 0.00 ± 0.00 7.50 ± 3.22  

is moderately lower but balanced. This is consistent with the increased 
difficulty in distinguishing intermediate BD, where tissue character-
istics are less distinct and may overlap between classes. Moreover, 
inter-reader variability may also contribute to labeling inconsistencies 
in these borderline cases, potentially introducing noise into the training 
data that affects the model performances. About this aspect, the litera-
ture documents differences in inter-reader agreement depending on the 
classification scale used [8]: it varies with a Cohen’s kappa from 0.38 
to 0.65 on a four-category scale, while reaching a value of 0.85 on a 
two-category scale. The uncertainty related to the intermediary classes 
effectively confuses the CNN during training, leading to less precise 
feature extraction.

While standard imaging-based methods, such as FDA-approved X-
ray tools and MRI-based AI systems, report binary classification ac-
curacies above 90% [25] and 89% [15], respectively, the proposed 
approach based on raw MWI signals achieves lower accuracy. However, 
compared to X-ray mammography, MWI operates with non-ionizing 
radiation, ensuring enhanced patient safety [33], while compared to 
MRI-based systems, MWI offers a significantly more cost-effective and 
accessible solution for population-wide screening programs.

Moreover, the approach is fundamentally different, as it relies di-
rectly on the signal acquired by the MWI device, therefore S pa-
rameters and not images. Despite containing no visually interpretable 
information for clinicians, these raw signals enable direct automated 
classification of samples into respective BD classes.

This paper corroborates the findings presented in [17], which ini-
tially suggested a potential correlation between EPs and BD. This 
research builds upon these earlier observations by establishing a quan-
tifiable linear relationship between these two variables. While our 
correlation analysis between EPs and BD is based on digital anatomical 
models, this choice is supported by extensive in-vivo evidence. Previous 
studies have shown that breast EPs are strongly associated with tissue 
composition, particularly adipose and fibroglandular content, which 
are the main determinants of BD [34,35].

With respect to the classification methodology employed in [18], 
that reported an accuracy of 76%, the present study demonstrates 
superior performances, which are particularly significant given the 
heterogeneous nature of the dataset, which comprises multiple sites 
and devices, and a population composed of both healthy breasts and 
breasts with benign or malignant pathologies. In addition, the dataset 
employed in this study is substantially larger than the one considered 
in [18], contributing to a more reliable and generalizable assessment 
of the model’s performances.

The work presented in [19] lays an important groundwork for ex-
tracting BD information from microwave EM measurements within the 
same MammoWave frequency range. However, the limited disclosure 
of validation strategy and algorithm details, and a totally different 
hardware architecture with respect to MammoWave, hinder a direct 
comparison with the proposed model.

The BD class is not limited to be an important clinical information of 
a patient, but becomes a valuable feature to improve the classification 
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of benign and malignant masses [36], and in setting input parameters 
for image reconstruction algorithms. For instance, when the reconstruc-
tion is based on Huygens’ principle [37], knowledge of the BD helps in 
selecting optimal values for the constant EPs of the domain. Similarly, 
in reconstructions based on contrast source inversion [38], knowledge 
of the BD class would suggest a consistent initial guess for the iterative 
procedure that leads to quantitative maps of the EPs [38,39].

4.1. Four-class BD assessment

While the overall classification accuracy remains relatively low, 
the weighted AUC-ROC score (77.0%± 1.3%) suggests that the pre-
dicted class probabilities are informative and discriminative to a cer-
tain extent. These results motivate further investigation into the pre-
dicted probability scores to identify potential systematic trends or 
confidence patterns associated with each BI-RADS class, potentially 
guiding improved decision-making strategies.

Although the distribution of data in the four classes reflects the 
population distribution, the observed suboptimal performance can be 
attributed both to the inherent class imbalance (A and D: 10 %; B and 
C: 40 %), mitigated using a weighted cross-entropy loss function, and 
the intrinsic challenge of distinguishing among four categories. Classes 
B and C are particularly prone to misclassification, consistent with the 
known difficulty in clinical BD categorization due to their overlapping 
features. Moreover, as explained before, the inter-reader variability, 
which particularly affects the four-classes BD assessment [8], acts as 
a source of label noise that will be reflected in the lower model’s 
performance with respect to binary classification.

4.2. Per-device analysis

As shown in Fig.  6, the per-device accuracy highlights that the de-
vices included in the final dataset yield metrics that are consistent with 
validation dataset metrics and representative of the model’s behavior 
under the discussed variability.

The analysis revealed that classification performances are affected 
by both dataset composition and device-specific factors.

For instance, device 5, despite having a balanced training set, 
achieved high specificity but low sensitivity, likely due to a non-dense-
skewed test set. Device 2 showed the opposite behavior (high sensitivity 
and low specificity), consistent with a dense-biased test dataset.

The notably low performances on device 9, not used in the model 
training, underscore the model’s limited ability to generalize to data 
from unseen devices. The primary source of the low performance could 
be the noise present in the labeling process. To this end, an interna-
tional dataset is collected from different sites that follow local training 
protocols for BD assessment. This leads to high intra-center agreement 
but also inter-center (and inter-country) variability [4]. Since the CNN 
is trained on labels that reflect these diverse local biases, a device from 
a new center might present a labeling logic that slightly shifts from 
the average training distribution. This fact was already suggested by 
performance metrics on device 8, and emphasizes the importance of 
incorporating a representative amount of data from any newly deployed 
device into the training pipeline through an incremental fine-tuning.

4.3. Data preprocessing analysis

The preprocessing pipeline led to a reduction of the frequency 
samples from 1601 to 9, uniformly sampled in the frequency range 
from 1GHz to 9GHz. No significant improvements in performances 
when increasing the sampling size can be attributed to the inherent 
redundancy in high-resolution spectral measurements. While the EPs 
of breast tissues exhibit systematic frequency-dependent trends over 
the microwave range, these variations are dominated by broad relax-
ation processes that produce smooth changes rather than narrow-band 
resonances or discontinuities [40]. Consequently, adjacent frequency 
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points in the original dataset are highly correlated, providing limited 
additional discriminative information for the binary classification task.

The almost uniform distribution of model’s attention across frequen-
cies validates the initial hypothesis that broadband sampling across 
the entire measurement spectrum would capture the essential EM 
signatures for tissue differentiation.

The model was retrained using frequency points weighted accord-
ing to these attention values. It resulted in a classification whose 
performances remained substantially similar to the uniform frequency 
sampling (accuracy equal to 75.5 ± 2.67 % on the stratified Monte 
Carlo cross validation), confirming that the initial sampling strategy 
was near-optimal for the classification task.

In conclusion, the reduction from 1601 to 9 frequency points repre-
sents a 178-fold decrease in frequency-domain dimensionality, trans-
lating to significant computational savings during both training and 
inference.

The proposed model architecture relies on a posteriori validation 
through attention analysis and does not incorporate the frequency 
importance directly into the model. To improve the architecture in 
the future, an attention mechanism specifically designed for 3D feature 
maps [41] could be analyzed and implemented.

In the context of preprocessing, normalization of the input data 
prior to training was avoided. Although the input values span both 
positive and negative ranges, normalizing them to a fixed distribution 
(e.g., using z-score) was found to reduce model performance in pre-
liminary experiments (validation accuracy equal to 69.51 ± 1.84 %). 
Moreover, a substantial reduction in standard deviation across all met-
rics, most notably in specificity (from 9.42% to 2.96%), demonstrates 
that the absolute scale of the input data may encode task-relevant 
information. The comparison between the performance metrics with 
and without input data normalization is presented in Supplementary 
Material Table S9.

4.4. Additional architecture design considerations

Several well-established DL architectures have demonstrated suc-
cess in biomedical and spectral-spatial analysis, including ResNet [12], 
DenseNet [42,43], vision transformers (ViTs) [44,45], and CNN-based 
models for hyperspectral imaging (HSI) [46–48].

Prior to adopting a DL approach, simpler machine learning methods 
for classification tasks [49,50] were explored and tested using the same 
device-stratified Monte Carlo cross-validation protocol directly to the 
flattened raw input data: logistic regression reached a mean accuracy 
of 72.79% ± 0.77% on the validation dataset; support vector machine 
(SVM) achieved a mean accuracy of 71.15% ± 0.96% on the validation 
dataset. With regards to the DL approach, a 2D CNN was evaluated as a 
preliminary baseline to assess the impact of spatial feature extraction. 
In this configuration, the input was reshaped into a 5 × 80 grid where 
the 9 frequency points in real and imaginary parts were expanded into 
18 input channels. Using the same cross-validation protocol and with a 
hyperparameter setup consistent with the final 3D CNN model for a fair 
comparison, the 2D CNN achieved a mean accuracy of 73.92 ± 3.15% 
and an AUC-ROC of 82.77 ± 1.87%. The comparison between their 
classification is reported in the Table S10 in Supplementary Material. 
The 3D CNN achieved superior classification performance across all the 
metrics, with a standard deviation systematically lower with respect to 
the 2D CNN, indicating a more robust classification varying the folds.

In the literature, 3D CNNs have been successfully employed to pro-
cess videos [51], demonstrating the effectiveness of treating temporal 
sequences through the third dimension. This conceptual framework 
motivated the proposed 3D CNN architecture for S-parameters, treating 
frequency samples analogously to temporal frames in video processing. 
Following the findings in [51], where homogeneous 3 × 3 × 3 con-
volutional kernels across all layers proved optimal for spatiotemporal 
feature learning, we adopted the same kernel size throughout our 
network. The real and imaginary components of S  parameters are 
21
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treated as dual channels, analogous to RGB channels in image pro-
cessing. However, due to the significantly different input dimensions 
(2 × 9 × 5 × 80 vs. 3 × 16 × 112 × 112 in [51]), a shallower 
network architecture with fewer filters was designed testing optimal 
hyperparameters for our classification purpose.

The implemented architecture is lightweight (< 2M parameters) 
compared to well-established DL architectures (ResNet-18/34, Effi-
cientNet), whose strong performance in BD assessment is typically 
achieved through transfer learning from large-scale datasets followed 
by fine-tuning [12,13,15].

4.5. Paired data classification strategy

Within the test dataset, the majority of the data originates from both 
the left and right breasts of the same patient. Therefore, it is possible 
to incorporate a BD assessment by considering paired data belonging 
to the same individual. According to the radiologists’ BD assessment, 
both breasts of the same patient are consistently assigned to the same 
class.

A study conducted on 400 young patients and 100 of their mothers 
investigated the symmetry in BD in right and left breasts [52]. For 
each patient, water content MRI images of the breast were obtained, 
from which the BD were deduced. In the young group of patients, 
with an averaged age of 20.8 years, mean percentage of water content 
was 0.84 % higher in the right compared with the left breast. In 
mothers group, with an average age of 49.6 years, there were no 
significant difference in the mean percentage of water in both breasts. 
No significant differences in BD are presented for left and right breast, 
and this opens the way to analyze our results considering every data as 
a couple of breasts of the same patient.

Thanks to the correlation between the tissue water content and its 
EPs in the microwave frequency range [34], the symmetry in the breast 
water content reported in [52] implies a symmetry in the breast EPs as 
well.

For about 87 % of the breast pairs, the proposed CNN classified both 
the left and right breasts in the same BD class. In the remaining cases, 
where one breast was classified as dense and the other as non-dense, 
assuming that the two breasts should belong to the same BD class, it 
can be stated with certainty that the model misclassified one of the two 
breasts.

Hence, inconsistencies between left and right breasts in the CNN 
classification may serve as an indicator of unreliable assessment, sup-
porting the advisability of repeating the examination. This allows to 
limit the evaluation of the performance of the proposed CNN to the 
cases in which the classification of the pair of breasts is consistent. In 
this case, the model achieves an almost perfect classification perfor-
mance for breasts in classes A and D. Conversely, the cases in which 
both pairs are misclassified by the proposed model predominantly 
involve borderline density cases (classes B or C).

We explored whether incorporating bilateral information could en-
hance model performances, modifying the input structure to simultane-
ously process data from both breasts of the same patient, maintaining 
the assumption of consistent BD classification across bilateral sam-
ples. However, the model trained on paired breast inputs achieved 
a validation accuracy of 73.08 % ± 2.1 %. It should be noted that 
the paired approach inherently reduces the available dataset size by 
approximately half, which may contribute to the observed performance 
drop. Nevertheless, the bilateral pairing should theoretically provide 
complementary information that the network could exploit for im-
proved classification accuracy [53], and the exploration of strategies 
to help the network to manage this type of data becomes a potential 
area for further investigation.

Based on the presented findings, the single-breast classification ap-
proach was maintained as our primary methodology, while the bilateral 
consistency assumption enables the definition of a protocol where 
consistent bilateral classification confirms the result’s reliability and 
improves the accuracy of the BD assessment, while inconsistent results 
suggest the need for a re-acquisition.
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5. Conclusion

In this study, a model to classify the BD from MWI raw data was 
proposed. The collected results demonstrate the feasibility of direct 
EM-based BD classification.

Furthermore, the introduction of a bilateral analysis strategy pro-
vides a novel framework for clinical quality assurance. By leveraging 
the physiological symmetry of BD, the system can identify inconsis-
tent measurements that may require re-acquisition, while providing a 
high-confidence classification when bilateral concordance is achieved.

Considering that MWI imposes no age limitations and allows re-
peated use without exposure risks [33], this approach offers significant 
advantages. Access to such clinical information could enable patients to 
establish personalized and efficient screening pathways from an early 
age, potentially improving early detection outcomes and overall quality 
of care.
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