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genders, but it is more common in women and is the second-
largest cancer worldwide. About one in eight women in USA 
will be diagnosed with it at some point in her life [1]. All 
worldwide health organizations recommend screening x-ray 
mammography as the gold standard exam to achieve earlier 
breast cancer detection to decrease breast cancer mortality 
(about 20% [2]). However, since mammography is a 2D 
imaging modality, it results in the projection of the internal 
tissue of the breast onto a single plane, yielding tissue 
superposition. This may lead to a moderate sensitivity and 
specificity, especially with dense breasts. The limitations 
of mammography screening also include over-diagnosis 
[3], overtreatment and false-positive rates associated with 
negative psychological impact [4, 5] and unnecessary costs 
and biopsies [6]. Interpretation of mammograms varies with 
experience [7], is subjective [8], and prone to error due to 
the heterogeneous presentation of breast cancer and the 
masking effect with dense breast tissue.

1  Introduction

Breast cancer is a type of cancer where the cells in the 
breast grow abnormally. There are two types of breast 
cancer: benign and malignant tumors. Benign tumors are 
not cancerous, but they can increase the risk of breast cancer 
as they consist of out-of-control cells that cause a lump. 
Malignant tumors, on the other hand, grow rapidly and can 
spread to other parts of the body. Breast cancer affects both 
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Abstract
Purpose  We developed DeepLook, a CAD based on a CNN for the analysis of Digital Breast Tomosynthesis images to 
classify and locate possible breast mass lesions.
Methods  This CAD takes advantage of a pre-processing algorithm to remove pectoral muscle and skin, before entering the 
lesion classification step and the use of a CNN architecture. Evaluation of the architecture performance was realized using a 
dataset coming from Duke University, one of the largest databases publicly available online.
Results  DeepLook can classify individual DBT images into two classes: healthy (Negative) and presence of a mass (Positive) 
or in three classes: healthy, presence of a malignant or benignant masses. Accuracy and sensitivity on the binary classification 
of test data of the most suitable considered dataset reached 82% and 68%, respectively, with an AUC of 0.90.
Conclusions  We developed DeepLook, a CAD based on a CNN for the analysis of DBT images to classify and locate 
possible breast mass lesions. The reported performance was obtained with a CNN architecture that is significantly simpler 
than the ones proposed in the literature so far and is promising for future clinical implementation in routine DBT diagnosis, 
so as to suggest to radiologists the slices that are worth paying attention to better. As a further step, a statistical study of the 
mass locations in images generated through the GradCam algorithm is under development.
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In the last years, new techniques were introduced on the 
market in order to improve the detection rate and reduce 
recall. Among these techniques, we have digital breast 
tomosynthesis (DBT) [9] and computed tomography 
dedicated to the breast (BCT) [10–12]. Digital breast 
tomosynthesis is a three-dimensional imaging technique for 
breast cancer screening that instead of projection images 
delivers multiple cross-sectional slices for each breast and 
offers better performance [9]. The reduction of tissue overlap 
provides increased lesion conspicuity particularly in dense 
breasts compared to full-field digital mammography (DM) 
and has been shown to improve the detection sensitivity of 
invasive breast cancer while reducing the recall rate. On the 
other hand, radiologist interpretation time of DBT studies 
takes more time, in previous studies, for two-view DBT 
it was 38–76% longer than for DM [13–17], limiting the 
ability to screen as many patients as possible due to reader 
fatigue. Apart from a potential increase in the radiation dose, 
this represents the major limiting factor for the widespread 
of DBT modality among the recommended examinations in 
breast cancer screening programs.

In recent years, Deep Learning (DL) and Convolutional 
Neural Networks (CNNs) have been used in many 
applications for the segmentation and classification of images, 
including the medical field. These kinds of architectures can 
automatically extract some meaningful descriptors from the 
input images, thus eliminating the need of using codes for the 
extraction of hand-crafted features necessary to traditional 
feature-based classifiers.

Deep-learning CAD systems have proven to be useful in 
reducing reading times of DM without significantly affecting 
sensitivity, specificity, producing reductions in reading times 
from 14 to 40% [18–20]. If AI could ease the burden of reading 
DBT, this could open possibilities for the broad introduction 
of DBT in population-based screening programs.

A few studies have reported successful application of 
Deep Convolutional Neural Networks (DCNN) in the 
detection and classification of masses in DBT. For instance, 
Samala et al. [21], Fotin et al. [22], Kim et al. [23, 24] 
have all demonstrated positive outcomes. Samala et al. 
[21] developed a serve-layer DCNN, which yielded more 
accurate DBT mass detection and maintained a similar 
level of false positive rate when compared to a featured-
based CAD system. Other researchers came to similar 
conclusions by using various DCNN architectures [22] or 
by manipulating DBT image information from bilateral or 
depth directions [23].

The aim of this study is to present DeepLook, a DL-based 
CAD developed in Python, which aims to help the radiologists 
in the reading of DBT examinations. DeepLook is conceived 
as an ensemble of tools to perform dedicated tasks. The core 
module is based on a CNN, which is a refinement on the one 

presented in [25]. The CNN performs classification of the 
individual slices of each DBT volume analysed, highlighting 
those in which there is high probability to find a mass. Most 
of the studies carried out regarded a binary classification 
task, namely aimed at identifying slides where at least a 
mass (malignant or benign) was present (Positive cases), 
but also the three classes problem was investigated, and the 
result here presented. Care was spent on the selection of the 
training and test datasets and a series of actions were taken 
to avoid overfitting.

2  Materials and methods

2.1  Dataset

The dataset coming from Duke University, that we will 
refer to as “Duke”, is one of the largest databases publicly 
available online [26, 27]. It is composed of 13,954 patients 
out of which a subset of 5610 studies from 5060 patients 
were annotated by two radiologists; furthermore, about 
200 volumes underwent biopsy. DBT acquisitions were 
performed with a Hologic scanner, in one or more of the 
following views, left craniocaudal (LCC), right craniocaudal 
(RCC), left mediolateral oblique (LMLO), right mediolateral 
oblique (RMLO). Each case comes with information about 
bounding of lesions boxes for volumes containing any. 
For this work, only 237 volumes were used: 117 Negative 
volumes (slices with no masses), and 120 biopsy-validated 
Positive ones, coming from 103 patients. In fact, the vast 
majority of the 5610 studies is composed by healthy patients, 
and using all of them would have led to appreciable class 
imbalance. Furthermore, the preprocessing step (described 
later) would have been very time consuming. For these 
reasons, the number of volumes was limited to 237. It is to 
be noted that the positive, or tumoral, class contains both 
malignant and benign tumors, according to biopsy results. 
Our main goal is to train a neural network to recognize 
lesions in the same way a radiologist would perform the 
first volume evaluation step, hence for a first analysis no 
further splitting of positive class was carried out. The latter 
was instead performed for a subsequent study regarding the 
ability of our model to recognize the lesion type, namely for 
a three classes classification task.

2.2  Slice selection procedure

Due to the nature of DBT modality, contiguous slices of 
a given DBT volume are very similar to each other. From 
preliminary tests carried out with standard CNNs we noticed 
that this fact leads with a high probability to an overfitted 
model. To avoid this issue and let our DL algorithm gain 
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generality, we thus decided to consider a limited number of 
images for each DBT volume. A decimation procedure was 
implemented to select on average 20 slices equally spaced 
from each DBT volume. More in particular, five different 
reduced datasets for training (about 80%) and validation/test 
(about 20%) were assembled, in order to perform a 5-fold 
cross-validation during the training of our models. For each 
reduced dataset, it was ensured that each DBT volume was 
present in training subset or, alternatively, in the validation/
test one. This methodological choice is particularly due to 
the intention to strengthen the prediction reliability, allowing 
to conduct tests on volumes of patients not used for training. 
To compensate for the reduction of the image number due 
to the decimation, a data augmentation procedure was 
applied to increment the training subset by 100%. Three 
of the following transformations, image cropping, flipping, 
rotation, and scaling, were randomly chosen for each 
image. The rotation angle (deg) and scaling value were set 
by randomly choosing them from the sets (−30, −15, −10, 
10, 15, 30) and (0.05, 0.04, 0.03, 0.02), respectively. The 
whole procedure of merging, decimation, subdivision, and 
augmentation was automatically carried out through a series 
of dedicated Python scripts, which allowed us to be sure to 
fulfil the mentioned criteria.

2.3  DeepLook

2.3.1  Pre-processing procedure

All the images used for training/test purpose were pre-
processed taking advantage of the tool described in detail 
in [28]. A schema of the procedure was reported in Fig. 1. 
In short, the following transformations were applied to all 
images. First, the contrast was increased, through grey-level 
histogram stretching of an automatically selected patch inside 
the breast region, so as to emphasize the glandular tissue and 
any tumour masses present. Then, the breast skin and nipple 
were removed from all images through the subtraction of 

the dilated breast contour (identified through a Canny edge 
detection filter [29]) from the previous contrast enhanced 
images. After that, a bilateral filter [30], which replaces 
the intensity of each pixel with a weighted average of the 
intensity values of neighbouring pixels, was applied. This 
reduced the quantum noise of the images but was also useful 
to homogenize the texture of the pectoral muscle area and 
preserve its contour in MLO views. This is indeed required 
for the automatically pectoral muscle removal procedure 
[31], which was applied to all MLO images. The removal 
of the breast external border, such the removal of pectoral 
muscle, is of fundamental importance since otherwise 
the breasts show bright regions that could be mistaken for 
lesions by the DL classification algorithm [28].  

2.3.2  DBT-DCNN

The deep learning algorithm used for slice classification 
was based on a CNN that is an improved version of the one 
described in [25]. It was composed of 5 convolution layers 
interspersed with Batch normalization and max pooling 
layers, plus two fully connected output layers, as depicted 
in Fig. 2. Activation functions were leaky RELU with an 
angular coefficient for negative values alpha = 0.2.  

Since the very first tests were performed with our 
previous model on the newly assembled datasets, we 
noticed overfitting issues and a difficulty to generalize. For 
this reason, in the definition of the new model architecture 
and training scheme, we adopted a series of actions aiming 
at reducing overfitting. First, we significantly reduced the 
numbers of the model parameters by reducing the number 
of filters, the kernel size of the convolution layers and the 
number of nodes of the second-last fully connected layer 
(dln). Then, we adopted dropout connections [32] between 
the fully connected layers and introduced a L2 regularization 
term in the loss function, which was the categorical cross-
entropy [33]. These strategies act to reduce the model 
complexity, thus avoiding that the model captures the details 

Fig. 1  Schema of the Pre-process-
ing procedure applied on a MLO 
view [28]
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of each convolutional layer of the new-optimized algorithm 
are shown in Fig. 3. The Adam optimizer was used with step 
size α = 10 − 4, decay rate for the momentum β1 = 0.9 and for 
second moment β2 = 0.999, which are standard values. 50% 
dropout was also applied to the fully-connected layers in 
order to improve network’s sensitivity to specific weights 
and reduce overfitting.

Preliminary tests carried out training such CNN models 
using images of various size showed that convergence 
and results are actually independent from the shape of the 
slices. Therefore, to reduce computing time and improve 
memory usage, images were resized to 300 × 300 before 
standardization and augmentation.

The training and test of the model was carried out in 
a framework developed in Python, taking advantage of 
Keras, the high-level API (application programming 
interface) of the TensorFlow platform. The aforementioned 
framework is quite flexible and allows the user to select 
easily among different CNN architectures, both custom 
and standard, and to set all the model hyperparameters 
and training options, such as loss function, optimizer, 

and noise in training data rather than the general trend. 
Indeed, if neurons are randomly dropped out of the network 
during training, other neurons have to change significantly 
(no co-adaptation) to create the representation required to 
make predictions. Thus, the number of independent internal 
representations learned by the network increases and the 
network itself becomes less sensitive to the specific weights 
of neurons and more capable of better generalization. On 
the other hand, if a regularization term is added to the loss 
function, the higher terms in a model are penalized, thus 
the model complexity tends to reduce during training. In L2 
regularization, the penalty term is the sum of the squared 
weights times a multiplicative coefficient lambda.

dln, dropout and lambda represented some hyperpa-
rameters of the model. Apart from these variables, and the 
parameter defining the architecture of the CNN, other hyper-
parameters were the number of training epochs and the batch 
size. Through a random search, the optimal values for hyper-
parameters were identified. They are dln = 16, alpha = 0.2, 
lambda = 0.3, training epochs = 20, and batch size = 16. The 
block-schema and the number of filters and the kernel size 

Fig. 3  Block scheme of the new DBT-DCNN algorithm

 

Fig. 2  Block scheme of the CNN proposed in Ricciardi et al. [25]
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Precision: Fraction of examples correctly classified as posi-
tives out of all the positively predicted ones.

TP

TP + FP

Recall (or Sensitivty or True Positive Rate): Fraction of 
examples correctly classified as positives over the whole 
positive class.

TP

TP + FN

F1-score: Harmonic mean between Precision and Recall. It 
more accurately describes model performances when classes 
are unbalanced with respect to Precision and Recall alone.

2 · Precision · Recall

Precision + Recall

Specificity (or True Negative Rate): it is the proportion of 
actual negative cases classified as negative

TN

(TN + FP )

ROC curve: The TPR plotted against the FPR (1-Specificity) 
at changing classification thresholds.

AUC: the area under the ROC curve. It represents the 
probability that the model ranks a random positive example 
higher than a random negative example, and the closer it 
gets to 1, the better are the predictions.

2.4.2  Metrics in multi-class classification

In Fig. 5 it is possible to see an example of Confusion Matrix 
(CM) for a three classes classification task.

We adopted the One-Versus-Rest (OVR) approach, so as 
to converts a multiclass problem into a series of binary tasks 
for each class in the dataset. According to this approach, 
for the i-th class, with i ranging from 1 to 3, True Positives 
value is the corresponding diagonal term, CMii, False 
Positives corresponds to all of the off-diagonal terms in the 
i-th column and False Negatives are all of the off-diagonal 
terms in the i-th row, and True Negatives are all the other 
CM elements [35].

Accuracy for multi-class classification has the same form 
of the binary case:

Accuracy =
∑

i

TP i + TN i

N

metrics, and callbacks [​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​p​​a​t​e​​r​n​o​​g​/​D​​B​T​_​​
c​l​a​s​​s​i​​f​i​c​a​t​i​o​n​_​t​o​o​l]. Also, the code is able to automatically 
support classification in two (Negative, Positive) or three 
classes (Negative, Benign and Malign). The developed 
Python framework can automatically handle the model 
training on CPU, single GPU and multiple GPUs. For 
this work, we used a single GPU NVIDIA GeForce RTX 
3090 card (10496 CUDA cores, 24 GB GDDR6X video 
memory). After the training of the model, the developed 
code automatically plots the learning curves the confusion 
matrix and calculates the significant metrics described 
below. Moreover, the framework (CAD) also provides, for 
each image, a saliency map calculated through a dedicated 
module based on the GradCAM algorithm [34]. This 
can help the radiologists the focus on small areas of the 
breast that the network considered most to perform the 
classification, and in principle where the presence of a 
tumour is most likely.

2.4  Evaluation metrics

The common evaluation metrics for classification are 
accuracy, true positive rate (TPR), true negative rate (TNR), 
false positive rate (FPR), false negative rate (FNR), precision, 
recall, F1 score, Receiver Operating Characteristic (ROC) 
curve, Area under ROC curve (AUC). In the following, we 
present a brief description of these metrics both in the binary 
classification and multi-class classification case.

2.4.1  Metrics in binary classification

Calling TP (True Positives) the number of examples correctly 
classified as positive ones, FP (False Positives) the number 
of examples wrongly predicted as positives, TN (True 
Negatives) the number of examples correctly classified as 
negatives and FN (False Negatives) the number of examples 
wrongly predicted as negatives:

Accuracy: the total number of correct predictions per-
formed by the model on the whole dataset. 

TP + TN

TP + FP + TN + FN

 FPR and FNR: number of negative examples classified as 
positives (False Positives) out of the negative class, and 
number of positive examples identified as negatives (False 
Negatives) out of the positive class, respectively. As an 
example, FPR is 

FP

FP + TN
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Keeping a higher threshold also grants a lower number of 
examples classified as False Negatives, which are the most 
dangerous mistakes in a clinical environment.

3.2  Results of 3 classes classification

The Duke database comes with indications about malig-
nancy of tumoral masses for examples proved by biopsy. 
This way, the original Positive class can be expanded to 
Malignant and Benign, thus making the task a 3-classes 
classification problem. Out of the 237 volumes originally 
selected for the dataset creation, 120 belonged to the posi-
tive class composed by 60 benign lesions and 60 malig-
nant ones. This splitting gave rise to an unbalance between 
those classes and the negative one, which contains 117 
volumes total. Training performed using all the negative 
examples or a limited subset showed that such an unbal-
ance does not influence training in a significant way. Pre-
dictions were evaluated using the same metrics previously 
described but adapted to three classes according to [35]. 
All metrics are intended as weighted over the number of 
examples in each class except ROC AUC, which is com-
puted over the macro-average of TPR over FPR (Fig. 5a). 
Results obtained with the DBT-DCNN model are shown in 
Fig. 5b and are encouraging, with Recall, Precision and F1 
all reaching about 70%. Error and FPR are 30% and 23%, 
respectively. ROC AUC was the highest-scoring metric, 
reaching up to 80%.

4  Discussion

DBT has been shown to offer significantly higher sensitivity 
for breast cancer detection compared to the conventional 
two-view DM, which relies on mediolateral oblique and 
craniocaudal views [39–41]. This advantage stems from 
DBT’s ability to capture three-dimensional (3D) imaging 
data, allowing for better visualization of dense breast 
tissue and improving the detection of subtle lesions or 
abnormalities that might otherwise be missed in standard 
2D imaging techniques. Despite its benefits, DBT presents 
certain challenges that limit its widespread adoption. One of 
the primary issues is the sheer volume of images generated 
by the multiple slices in a single examination, which 
significantly increases the time required for radiologists to 
review and interpret the data. Studies have reported that the 
interpretation time for DBT can be 50% to 200% longer 
than that required for traditional DM, creating a substantial 
burden on radiologists and potentially affecting the efficiency 
of breast cancer screening programs [18, 42].

where N is the number of predictions performed by the 
model and i ranges over all the classes.

Meanwhile, Precision and Recall can be computed singu-
larly for each class:

Precisioni = TP i

FP i + TP i

Recalli = TP i

FN i + TP i

Following this methodology, it is possible to also compute 
FPR, FNR.

In order to characterize the classifier with a single value 
for each metric M, we computed the weighted average of the 
metric values over all the classes Mi, taking into account the 
respective population Ni:

M =
∑

i

M i · N i

N

It is worth noting that, in the OVR approach, the weighted 
Recall is equal to the accuracy. For this reason, in the three 
classes problem, we do not explicitly report any accuracy 
value, but only recall values.

Finally, the ROC curve was computed as the macro-
average (namely, the arithmetic average) value of class 
values of the TPR score, TPRmacro against the macro average 
of FPR, FPRmacro.

3  Results

3.1  Results of 2 classes classification

Training runs were performed following the 5-fold cross-
validation: 5 different subsets were created with a different 
patient split between test and training, and five models were 
trained. Final scores are then calculated as the average of 
all five models results. In Fig. 4a, is reported the Confusion 
Matrix used to calculate all metrics. The proposed CNN 
results are compared with scores obtained from other 
models trained in the same way and built using three popular 
architectures: Resnet18 [36], VGG16 [37], DarkNet19 [38]. 
As shown in Fig. 4b, every architecture performed virtually 
the same as the others, given the uncertainty associated with 
the 5-fold averaging. Specifically, accuracy metric reached 
on average 82% and Precision 68%. ROC AUC reached on 
average about 90%, meaning that models can make reliable 
predictions even at greatest threshold, reducing the FPR. 
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Fig. 4  (a) Confusion Matrix 
obtained by DBT-DCNN 
2-class-model for one of the 
tranining Duke subsets and (b) 
Metrics scores obtained by DBT-
DCNN, Darknet19, VGG19,6 
and ResNet18 models trained 
and tested on the Duke dataset. 
Results are the average of five 
model predictions and errors have 
been calculated as the standard 
deviation. Error must be intended 
as 1-Precision
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this work. Among these, the model demonstrated superior 
performance using focal loss, achieving a sensitivity of 60% 
with 2 false positives (FPs) per digital breast tomosynthesis 
(DBT) volume, highlighting the importance of tailored loss 
functions in improving the model’s effectiveness in han-
dling imbalanced datasets.

The study, reported in Li et al. 2021, incorporated 
prior information and individual DBT slices into a Faster 
R-CNN model to generate 2D candidates for each slice. 
Subsequently, these 2D candidates were aggregated to 
produce 3D candidates for the entire DBT volume using a 
sophisticated 3D aggregation scheme. This scheme relied on 
density-based spatial clustering to group 2D candidates into 
clusters. Within each cluster, the corresponding 2D binary 
candidate masks were concatenated, effectively combining 
spatially related predictions into cohesive 3D structures. The 
evaluation of this combined approach revealed a notable 

Given these challenges, there is an urgent need for 
advanced computer-aided detection (CAD) systems and 
diagnostic tools that can optimize the reading process 
and reduce the time commitment for radiologists while 
maintaining diagnostic accuracy. Innovative solutions 
are emerging to address this need. For example, iCAD’s 
PowerLook Tomo Detection system, one of the first 
CAD platforms designed specifically for DBT, received 
FDA clearance in 2017 (https://www.icadmed.com). 
This system aims to assist radiologists by highlighting 
areas of interest in DBT images, thereby streamlining the 
interpretation process. Another player in this domain is 
ScreenPoint Medical, a Netherlands-based company that 
has developed Transpara, a deep learning-based software 
solution designed for multimodality applications (​h​t​t​p​​s​
:​/​​/​w​w​w​​.​s​​c​r​e​​e​n​p​o​​i​n​t​​-​m​e​​d​i​c​a​l​.​c​o​m). Transpara leverages 
the full 3D information from DBT scans to analyze soft-
tissue lesions and calcifications quantitatively. By marking 
relevant sections of the imaging data, Transpara is designed 
to improve radiologists’ efficiency and reduce the time 
required to review complex DBT cases.

These activities are accompanied by numerous research 
activities carried out by different groups. Some examples 
are shown in the Table 1. The Table 1 shows other more 
or less recent examples of CAD based on DL and ML with 
their characteristics.

Looking at the latest results, in Buda et al. [26], the 
authors experimented with various loss functions, including 
binary cross-entropy, weighted binary cross-entropy, focal 
loss, and a reduced focal loss using the same dataset used in 

Table 1  Characterisics and performance of some research mass DBT 
classification system reported in literature

# Patients Input type AUC Sensitivity
Samala et al. [21] 94 ROI 0.9
Kim et al. [24] 185 ROI 0.92
Fotin et al. [22] 344 ROI 0.89
Buda et al. [26] 5610 slice 0.65
Zhang et al. [43] 1400 slice 0.85
Li et al. [44] 261 slice 0.8
Samala et al. [45] 324 ROI 0.85
Yousefi et al. [46] 87 slice 0.87
Ricciardi et al. [25] 100 slice 0.89
DBT-DCNN (this work) 237 slice 0.90 0.68

Fig. 5  (a) Confusion Matrix for one of the tranining Duke subsets and 
(b) Metrics scores obtained by DBT-DCNN 3-class-model trained 
and tested on the Duke dataset. Results are the average of five model 

predictions and errors have been calculated as the standard deviation. 
Error must be intended as 1-Precision
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