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Mammography is the mainstream imaging modality used for breast cancer screening. Identification of micro-
calcifications associated with malignancy may result in early diagnosis of breast cancer and aid in reducing the
morbidity and mortality associated with the disease. Computer-aided diagnosis (CAD) is a promising technique
due to its efficiency and accuracy. Here, we demonstrated that an automated deep-learning pipeline for micro-
calcification detection and classification on mammography can facilitate early diagnosis of breast cancer. This
technique can not only provide the classification results of mammography, but also annotate specific calcification

K ds: . . . . . o
eywores: . regions. A large mammography dataset was collected, including 4,810 mammograms with 6,663 microcalcifica-

Microcalcification detection . R . . . .

Classification tion lesions based on biopsy results, of which 3,301 were malignant and 3,362 were benign. The system was

Mammography developed and tested using images from multiple centers. The overall classification accuracy values for discrim-

inating between benign and malignant breasts were 0.8124 for the training set and 0.7237 for the test set. The
sensitivity values of malignant breast cancer prediction were 0.8891 for the training set and 0.7778 for the test
set. In addition, we collected information regarding pathological sub-type (pathotype) and estrogen receptor
(ER) status, and we subsequently explored the effectiveness of deep learning-based pathotype and ER classifica-
tion. Automated artificial intelligence (AI) systems may assist clinicians in making judgments and improve their
efficiency in breast cancer screening, diagnosis, and treatment.

Deep learning
Breast cancer

1. Introduction

Breast cancer is the most commonly diagnosed cancer worldwide.
According to the recent global cancer burden data, 2.3 million new
cases were diagnosed in 2020 [1]. Early diagnosis and treatment can
considerably improve the outcomes of this disease [2-5]. According to
randomized clinical trials, the screening efficacy of mammography is
effective in reducing breast cancer mortality [6-8]. Mammography is
currently the mainstream imaging modality used to detect microcalcifi-
cations that may be associated with malignant changes [9,10]. However,
interpretation of mammograms remains an arduous task owing to wide
variations in the interpretative accuracy of radiologists [11,12]. Con-
sequently, false positives can lead to unnecessary invasive procedures,
increased expenditure, and heightened anxiety among patients, while
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false negatives may result in delayed diagnosis, disease progression, and
impaired survival [13,14]. In addition, large number of mammography
examinations being performed on an everyday basis also creates addi-
tional workload for the clinicians [15].

Computer-aided detection methods were introduced in the 1990s to
improve the interpretative performance and work efficiency of the clin-
icians [16-18]. Nevertheless, it failed to produce a significant improve-
ment in the performance of radiologists in clinical practice. In recent
years, this field has evolved rapidly because of the development of artifi-
cial intelligence (AI). Approaches based on deep-learning convolutional
neural networks have demonstrated their potential in other medical im-
age analyses [19-21]. Several studies have developed deep learning-
based systems for breast cancer detection using mammography, which
have shown similar performance to that of human clinicians [22-24].
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However, most of the existing studies are based on relatively small
datasets. Moreover, most previous studies focused only on the identi-
fication of lesions in the mammogram without distinguishing the tar-
get lesion as mass, microcalcifications, or abnormal structures, which
may restrict further improvement of the relevant models. Breast can-
cer comprises a group of diseases with different intrinsic molecular
subtypes [25,26]. Microcalcifications are small calcium deposits that
appear as white specks on a mammogram. They may signify ductal
carcinoma in situ (DCIS) or early breast cancer if they appear in spe-
cific patterns. The greatest advantage of mammography over ultra-
sound and magnetic resonance imaging (MRI) is its ability to detect
microcalcifications.

In this study, we developed a deep-learning system for mammogra-
phy that focused on interpreting microcalcifications. We also explored
its ability to distinguish between invasive and non-invasive breast can-
cers and determine the molecular subtypes of breast carcinoma. Consid-
ering the advantages of mammography in detecting microcalcifications
(compared to breast ultrasound and MRI), we hypothesized that a deep-
learning model trained to recognize only microcalcifications (with or
without masses) would have the ability to improve accuracy, facilitat-
ing early diagnosis of breast cancer. We anticipate that the prediction
results of this model would assist clinicians in making judgments and
improve their efficiency in population- or community-based breast can-
cer screening and treatment.

2. Methods
2.1. Ethical considerations

The independent research ethics committee (REC) of the participat-
ing centers (Fudan University Shanghai Cancer centre, Fudan Univer-
sity Huashan Hospital, and First Affiliated Hospital of China Medical
University) approved this retrospective study protocol. RECs are there
to protect the rights, safety, dignity and wellbeing of research partic-
ipants. All the procedures performed in this study were conducted in
accordance with good clinical practice and the Declaration of Helsinki,
Finland. Written informed consent was obtained from all the patients
prior to the commencement of the study.

2.2. Biopsy of microcalcification

Both stereotactic wire-localization-based open biopsy and stereo-
tactic vacuum-assisted biopsy were used for breast microcalcification
biopsy. Stereotactic vacuum-assisted biopsy was used in outpatient
clinics for patients with single microcalcification, whereas stereotac-
tic wire localization and open surgical biopsy was performed under
general anesthesia for patients with multiple microcalcification le-
sions since repeated biopsies would cause intolerable pain and even
bleeding.

Stereotactic wire localization of breast microcalcification was per-
formed using a fenestrated compression plate and hook-wire needle un-
der the guidance of digital mammography. All procedures were per-
formed carefully to avoid tissue damage and bleeding in the breast.
A localizing wire was placed on the target lesion of breast microcal-
cification. After the procedure, the patients were bandaged and im-
mediately transferred to the operating room for subsequent surgical
procedure. The excised specimen was viewed under magnification to
confirm adequate removal of the lesion. Each microcalcification le-
sion with a localized wire was diagnosed based on histopathological
examination.

2.3. Pathological examination
All microcalcification lesions in the collected mammograms were

subjected to pathological examination at the Department of Pathology of
each participating center. Two independent pathologists diagnosed the
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slides for each biopsied microcalcification. If there were disagreements
regarding the pathological diagnosis, a consensus was reached after a re-
review and discussion between the two pathologists. Ductal carcinoma
in situ (DCIS) with foci of microinvasion (one or more foci of stromal
invasion, none exceeding 1 mm in size) was classified as microinva-
sive carcinoma. Estrogen receptor (ER) status was identified based on
immunohistochemical analysis of the tumor sections. The immunohisto-
chemical cutoff for ER-negative status was less than 1% staining of the
nuclei [23].

2.4. Data preprocessing

Image standardization was essential in this study to reduce the im-
pact of different devices with different scanners or imaging protocols.
Since the calcification regions are relatively small compared to the mam-
mography image, we cropped the black background region in the image.
First, we used an algorithm to sum up the image pixels in each column
from right or left, and stopped when the sum of pixels in a column was
zero. This helped us to automatically find the first valid pixel. We then
cut out the images on the other side of the column to obtain an image
without a black background. The basic properties exhibited by mam-
mography images did not essentially differ for craniocaudal (CC) view
or mediolateral oblique (MLO) view; therefore, we mixed all the images
together for training and testing.

2.5. Model architecture

We used FasterRCNN [27] as our detection network, including Conv
layers, Region Proposal Networks (RPN), Region of Interest (ROI) Pool-
ing, and Classification Modules. In practice, we used Resnet50 [28] as
the feature extractor to obtain the feature maps of the images. Since the
calcification regions are generally small, we used the feature pyramid
network (FPN) [29] to treat all the feature layers at different scales.
The network summarized the results at all scales and provided precise
predictions. The FPNNet was based on our detection network, which
discriminated malignant calcifications from the detection box. If the de-
tection model detected a malignant box in an image, the image was
contemplated as malignant. Otherwise, the lesions were considered be-
nign.

SPPNet is a basic deep-learning network that directly uses a single
mammograph image as an input to provide predictions by observing
the deep features of the image. We used Resnetl8 [28] as the base-
line model, which comprised 18 2D-convolution operations. The resid-
ual unit was added using a short-circuit mechanism that retained the
image features while deepening the network for better classification.
To better fuse the image features at different scales, we introduced a
Spatial Pyramid Pooling (SPP) [30] structure at the end of this baseline
network.

Both the FPNNet and SPPNet use a single mammograph image as
input. The difference is that SPPNet only outputs the prediction of mi-
crocalcifications in the images, whereas FPNNet also flags the areas in
which the network considers microcalcifications. During training, SPP-
Net used image-level binary tags as ground truth. In contrast, FPNNet
used a microcalcification bounding box labeled by physicians as the
ground truth.

2.6. Model training

We conducted the experiments on a machine equipped with Nvidia
GTX 2080Ti GPU. Our framework was based on a PyTorch implemen-
tation. The parameters were optimized using ADAM. In a calcification-
detection network, the RPN generates several possible bounding boxes,
some of which may have low confidence or overlap with other bounding
boxes. Therefore, we set both the score threshold and the Non-Maximum
Suppression (NMS) threshold to 0.3 and achieved the best results in this
setting.
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2.7. Model testing

At the mammograph image level, we input the image directly into
the trained model to obtain the prediction results for a single image. At
the breast level, based on the prediction of two different positions of
the breasts, we determined the status of the breasts according to the fol-
lowing rules and provided the prediction probabilities. If the predicted
status of the two positions was consistent, the status of the breast was
directly determined by the status of the mammograph images, and a
higher prediction probability of the two position images was considered
as the confidence of the breast. Otherwise, we focused on the predicted
probability of the malignant image. If the probability of malignancy was
greater than 0.5, we resolute the breast as malignant; otherwise, it was
considered benign. The prediction confidence was given by the predic-
tion probability of the selected position image based on the final result.
At the microcalcification lesion level, we searched for regions with the
highest intersection-over-union (IoU) values in the gold standard across
all the predicted regions and assessed the results.

2.8. Metrics

For the classification task results, we briefly introduced four basic
concepts. True Positive (TP) represented the sample predicted to be pos-
itive and was also actually positive. False Positive (FP) represented sam-
ple predicted as positive but was actually negative. False Negative (FN)
represented sample predicted as negative but was actually positive. True
Negative (TN) represented sample predicted to be negative and was also
actually negative. Thus, precision was calculated as

. TP
Precision = ————
TP+ FP
Sensitivity was calculated as
L. TP
Sensitivity = —————
TP+ FN

F1 score is an indicator used in statistics to measure the accuracy of
bicategorical models. It considers both precision and sensitivity of the
classification model. The F1 score is the weighted average of the model
precision and sensitivity, with a maximum of 1 and a minimum of 0.
The F1 score was calculated as

Precision X Sensitivit
F1=2 4

" Precision + Sensitivity
We also used overall accuracy to assess the overall performance of
the model, which was defined as
TP+TN
TP+ FP+TN+FN

Overall ACC =

3. Results
3.1. Mammogram collection and labeling

A total of 4810 digital mammograms of microcalcifications were col-
lected from 2448 consecutive female patients (1222 with non-malignant
disease and 1226 with breast cancer) between June 2014 and August
2019 at the participating centers. Among them, 2362 patients had mam-
mograms with two views (craniocaudal and mediolateral oblique), 28
had mammograms with a craniocaudal view, and 58 had mammograms
with a mediolateral oblique view. Patients without apparent microcal-
cification lesions on mammograms were excluded from the study.

All patients randomly underwent mammography using Selenia Di-
mensions (Hologic Medical Systems, USA), MAMMOMAT Revelation
(Siemens Healthcare, Germany), or Senographe DS (GE Healthcare,
USA). All portable network graphics (PNG) data were exported from
the Picture Archiving and Communication Systems.

Microcalcifications were categorized as Breast Imaging Reporting
and Data System (BI-RADS) grade 3, 4, or 5 by two independent radiolo-
gists at each participating center. Patients underwent a biopsy based on
the physician’s decision. Some discontinuous microcalcifications or le-
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sions with large-area microcalcifications decomposed during the biopsy
examination. All collected mammograms showed at least one microcal-
cification, confirming the pathological diagnosis after biopsy examina-
tion. A total of 6663 microcalcification lesions were biopsied, of which
3301 were malignant and 3362 were benign. Correspondingly, 2420 and
2390 mammograms were identified to contain malignant and benign le-
sions, respectively.

Furthermore, to explore the predictive subtypes of breast cancer,
we obtained immunohistochemical information of 1226 patients with
confirmed malignant microcalcifications in the above cohort. Stereo-
tactic wire localization and biopsy of breast microcalcifications were
performed. Fig. 1 shows biopsy of microcalcification and some repre-
sentative plots. Notably, atypical ductal hyperplasia (ADH) is neither a
form of breast cancer nor a completely benign disease; thus, patients
with ADH were excluded from this study.

When labeling microcalcifications, physicians drew ground-truth
bounding boxes on the basis of the pathological results. The bounding
boxes maximized the coverage of the entire area of the microcalcifica-
tions. The physicians then assigned the boxes an attribute, benign or
malignant, against the pathological results. All labeled areas had corre-
sponding pathological results to ensure labeling accuracy.

3.2. Detection of microcalcifications

Microcalcifications are often ignored during breast cancer screen-
ing due to their small granularity and indistinguishable characteristics.
Malignant microcalcification lesions, particularly the ones with mini-
mal calcification points where symptoms are not obvious, are easily
misjudged by physicians. Computer-aided diagnosis has shown good
prospects in the recent years due to the rapid development of Al First,
we constructed an Al system to detect and classify microcalcifications
(Fig. 2a). The system included a pipeline comprising image standardiza-
tion, microcalcification detection, and mammography classification. If
a mammography image showed malignancy, the system also predicted
the pathological type and ER status.

The structure of the calcification detection network is shown in
Fig. 2b. We used FasterRCNN [27] as our detection network, including
Conv layers, Region Proposal Networks (RPN), ROI (Region of Inter-
est) Pooling, and Classification Modules. In practice, we used Resnet50
[28] as the feature extractor to obtain the feature maps of the im-
ages. Resnet50 contains 50 two-dimensional (2D)-convolution opera-
tions, which are often used to extract the deep features. Feature maps
were shared between the subsequent RPN layers and the fully connected
layers. The RPN generated region proposals, which were judged by Soft-
max to belong to either the positive or negative category, and it reused
the bounding box regression to obtain exact proposals. ROI Pooling col-
lected the input feature maps and proposals to extract the proposal fea-
ture maps, which were then sent to the subsequent fully connected layers
to determine the target category. Finally, the classification module used
the proposed feature maps to compute the proposed category. Since the
calcification regions are generally small, we used the feature pyramid
network (FPN) [29] to treat all the feature layers at different scales.
The network summarized the results at all scales and provided precise
predictions.

We divided the dataset into training and test sets in a 4:1 ratio. The
samples from the training and test sets did not cross each other, and the
cases of the test set were mainly from multiple centers. Ultimately, 1964
benign and 1970 malignant mammography images were included in the
training set, and 426 benign and 450 malignant images in the test set, all
of which were collected from multiple centers (Table 1). Fig. 3 shows
some of our experimental results. Examples of benign and malignant
calcifications are shown in Fig. 3a and Fig. 3c, respectively.

The benign calcification label given by the physicians only com-
prised a green box in the middle. However, our model predicted not
only this annotation box, but also a small benign calcification in the
upper right corner. For intermediate benign calcifications, the model
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Fig. 1. Biopsy of microcalcification and representative plots. (a) Patient with one lesion of breast microcalcification. Left, microcalcification shown in the original
mammograph picture. Middle, wire localization of breast microcalcification under an operator plate and a hook wire needle under the guidance of digital mammog-
raphy. Right, microcalcification shown in the surgical biopsied specimen. A titanium clip was also placed beside the wire needle before performing mammography
on the surgical biopsied specimen. The lesion in the white frame is pathologically confirmed benign. (b) Patient with two lesions of breast microcalcifications. Left,
microcalcifications shown in the original mammograph picture. The calcification in the dash-line frame is categorized as Breast Imaging Reporting & Data System
(BI RADS-2) (probably benign) and was not biopsied. Right, microcalcifications shown in the surgical biopsied specimen and each lesion of microcalcification was
diagnosed pathologically. The lesion in the pink frame is Ductal carcinoma in situ (DCIS), and the lesion in the white frame is DCIS with microinvasion. (c) Patient
with three lesions of breast microcalcifications. Left, microcalcifications shown in the original mammograph picture. Right, microcalcifications shown in the surgical
biopsied specimen. The lesion in the pink frame is DCIS, the white frame is invasive cancer, and the yellow frame (with very shallow microcalcification and obvious
under magnification) is benign. (d) Patient with four lesions of breast microcalcifications. Left, microcalcifications shown in the original mammograph picture. Right,
microcalcifications shown in the surgical biopsied specimen. The lesion in the pink frame is invasive cancer, the white frame is invasive cancer, the yellow frame is
DCIS, and the green frame is benign.

image | | Microcalcification | | h Our model detected the malignant calcification while labeling the
a et a ication possible benign calcification, as shown in Fig. 3c. Since physicians use
Estrogen Receptor histopathological results as the gold standard, they cannot accurately
(ER) status? . g . . . o . .
{ label benign calcifications in malignant calcification images. Although
Pathological type? our model .v%ewed .a large nl%mber of. benlgn's'aml?les d'urmg Fralnlng, it
Marfl'mogravh could empirically infer possible benign calcifications in malignant cal-
mage
¢ cification images. For the two predicted regions of malignant calcifi-
b cation, the model yielded confidence degrees of 0.831 and 0.426. For
|| proposals the predicted benign calcification regions, the model furnished confi-
dence degrees of 0.708, 0.616, 0.476, and 0.382, respectively. After
i identification by experienced physicians, they were found to be typi-
Softmax—» . ape . . .
cal of benign calcifications, which demonstrates the effectiveness of our
bl —| Conv — model.
layers bbox  _, . . . .
regressor To validate the effectiveness of our deep-learning model, we visu-
) alized the feature extraction backbone of our detection network. We
Input Feature maps ROI Pooling FC layers Output . .
normalized and summed the output of the feature extraction module
Fig. 2. The artificial intelligence (AI) system for detection and classifica- for each layer using the channel, thereby obtaining the feature im-
tion of microcalcifications. (a) Model development of Al system. The system age of the corresponding layer. Fig. 3e shows the feature visualization
includes a pipeline consisting of image standardization, microcalcification de- results.
tection, and mammography classification. If the mammography image is ma- For better detection and classification of small calcification regions,
lignant, the system will also predict the pathological type and estrogen recep- the most critical task of the feature extraction module of the detection
tor status. (b) Network structure of microcalcification detection method. We network is to distinguish between calcification and background regions.

use FasterRCNN as our detection network, including the Conv layers, Region
Proposal Networks (RPN), ROI (Region of Interest) Pooling, and Classification
Modules with FC (fully connected) layers.

As evident in Fig. 3e, most regions of the image were highlighted in the
first layer of the network, except the region near the calcified lesion. As
the network depth increased, the discrimination of the calcified regions
became increasingly clear. Since deep networks lose some of their in-

provided a confidence degree of 0.650. For small calcification points in formation with increasing depth, we added FPN to maximize the use of
the upper-right corner, the model yielded a confidence degree of 0.630. features at different scales. FPN uses the features of different scales as in-
This demonstrates the advantages of the proposed model. Unlike the puts, and can fuse more useful information. The final network therefore,
human eye, computer vision captures the deep features of an image yields accurate predictions.

through deep learning, has a full perspective of the image, and thus, To provide more intuitive results to help clinicians make judgments,
outperforms prediction tasks. In addition, computers are not affected we present the Class Activation Maps (CAM) of FPNNet in Fig. 4. The
by fatigue, negligence, or other human factors, which can effectively results showed that FPNNet can focus on microcalcifications and assist
improve the efficiency of medical diagnoses. clinicians in making decisions.
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Table 1
Datasets for training and testing of the deep-learning system.

Fundamental Research 5 (2025) 880-889

Characteristics

Training set

Test set

Centers

Age, median (IQR), years
Number of patients
Number of mammography images
Number of breasts
Overall diagnosis: benign
Overall diagnosis: malignant
Number of microcalcification lesions
Benign disease
Malignant disease
Malignant disease by pathology
Pure DCIS
DCIS with microinvasion
Invasive breast cancer*
Unknown pathology
Malignant disease by ER status
ER-positive
ER-negative
Unknown ER

Fudan University
Shanghai Cancer Center

Fudan University Shanghai Cancer Center
Fudan University Huashan Hospital
The First Affiliated Hospital of China Medical University

50 (43-58) 51 (44-59)
2010 438
3934 876
2010 438
1009 213
1001 225
5290 1373
2674 688
2616 685
2616 685
201 30
275 74
1970 445
170 136
2616 685
1451 416
614 148
551 121

Abbreviations: DCIS, Ductal carcinoma in situ; ER, estrogen receptor; IQR, interquartile range.
excluding DCIS with microinvasion.

*

GT Pred Layerl Layer2 Layer3 Layer4d Layer5

Fig. 3. Results and feature visualization of microcalcification detection
experiments. (a) A benign example of calcification. The green boxes represent
benign lesions. ‘GT’ refers to the gold standard label given by the doctor. ‘Pred’
refers to our model’s prediction. (b) Small patches obtained by enlarging the
calcification regions in A. ‘0’ means benign, and the decimal number represents
the confidence of the model for the given category of the prediction box. (¢c) An
example of malignant calcification. The red boxes represent malignant calcifi-
cation within the detected region. ‘GT’ refers to the gold standard label given by
the doctor. ‘Pred’ means our model’s prediction. (d) Small patches obtained by
enlarging the calcification regions in C. ‘1’ means malignant, and the decimal
number represents the confidence of the model for the given category of the pre-
diction box. (e) Visual analysis of the model intermediate feature layers. From
left to right successively is the doctor-annotated gold standard label, our model
predicted calcification regions and the first to fifth layers of our deep-learning
model’s feature extraction backbone.
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Pred

CAM

CAM

Fig. 4. The Class Activation Maps (CAM) of FPNNet. Left: benign. Right: ma-
lignant.

3.3. Mammography image classification results

Physicians cannot accurately determine whether a patient’s calcifi-
cations are benign or malignant using mammography alone. These pa-
tients require further pathological validation. Therefore, it is important
to judge whether a mammography image is malignant using computer
vision methods. In this study, we provided an annotation for each mam-
mography image using the pathological outcome as the gold standard.

First, we constructed a basic deep-learning network that directly
takes a mammograph image as the input to provide predictions by ob-
serving the deep features of the image. Empirically, the network depth
is critical to the performance of the model. When the number of layers
are increased, the network can extract more complex feature patterns.
Thus, better results can theoretically be achieved when the model is
deeper. However, the calcification point on a mammograph image may
be very small. After several down-sampling of deep learning, such small
calcification points may be ignored, leading to prediction errors. There-
fore, we took Resnet18 [28] as the baseline model, which comprised 18
2D-convolution operations. The residual unit was added using a short-
circuit mechanism that retains the image features while deepening the
network for better classification. To better fuse the image features at dif-
ferent scales, we introduced a Spatial Pyramid Pooling (SPP) [30] struc-
ture at the end of this baseline network. Thus, this network was called
SPPNet.

We used the same dataset partitioning method for the detection task
to ensure fairness of the overall experiment. In other words, 1964 be-
nign and 1970 malignant mammography images were included in the
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calcification lesion levels. The receiver operating characteristic (ROC) curve is a visualization tool to compare the quality of the two classification models. AUC
(Area Under Curve) is defined as the area enclosed within the coordinate axis under the ROC curve. The larger the AUC, better is the result. (a-e) ROC curves (i)
and normalized confusion matrices of classifications on the training (ii) and test set (iii). (a-b) The performance of the SPPNet. (c-e) The performance of FPNNet. (a,
c) The performance on the mammograph image level. (b, d) The performance on the breast level. (e) The performance on the microcalcification lesion level.

training set. A total of 426 benign and 450 malignant mammography
images were used in the test set. Accordingly, there were 1009 benign
and 1001 malignant breasts in the training set, and 213 benign and 225
malignant breasts in the test set. Based on the pathological results, 2674
benign and 2616 malignant microcalcification lesions were included in
the training set, and 688 benign and 685 malignant microcalcification
lesions in the test set.
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Since our study focused on the classification task, we used the clas-
sification report function in scikit-learn (a machine learning package in
Python) to present a text report of the main classification metrics, in-
cluding precision, sensitivity, and F1 score of each class. The SPPNet
classification results showed an overall performance of Area Under the
Curve (AUC) of 0.6825 (Fig. 5a) and achieved an overall accuracy of
0.6324 (Table 2) at the mammograph image level. Based on the pre-
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Classification results of different deep-learning models on mammography image, one-side breast, and microcalcification lesion level.

Overall Precision Sensitivity Fl-score
Set Level Model Accuracy
Benign Malignant Benign Malignant Benign Malignant
Training Mammogram SPPNet 0.6673 0.6595 0.6757 0.6894 0.6452 0.6741 0.6601
FPNNet 0.7822 0.8615 0.7316 0.6716 0.8924 0.7548 0.8040
Breast SPPNet 0.6428 0.6922 0.6129 0.5193 0.7672 0.5934 0.6815
FPNNet 0.8124 0.8700 0.7699 0.7364 0.8891 0.7976 0.8252
Microcalcification lesion FPNNet 0.8393 0.8731 0.8117 0.7910 0.8868 0.8301 0.8476
Test Mammogram SPPNet 0.6324 0.6097 0.6592 0.6784 0.5889 0.6422 0.6221
FPNNet 0.7055 0.7246 0.6912 0.6362 0.7711 0.6775 0.7290
Breast SPPNet 0.6324 0.6605 0.6159 0.5023 0.7556 0.5707 0.6786
FPNNet 0.7237 0.7396 0.7114 0.6667 0.7778 0.7012 0.7431
Microcalcification lesion FPNNet 0.7511 0.7399 0.7614 0.7412 0.7601 0.7405 0.7607

‘Precision’ calculates the proportion of the number of correct images to the total number of positive class predictions. From the predictive perspective, it represents
how many predictions are accurate. ‘Sensitivity’ determines the number of positive images predicted as positive to account for all annotated images. In medical
analysis, it is equivalent to sensitivity. The ‘F1 score’ can be considered as a weighted average of the model precision and sensitivity.

diction of the two different positions of the breasts, we determined the
status of the breasts according to the following rules and provided pre-
diction probabilities: if the predicted status of the two positions was
consistent, the status of the breast was directly determined by the status
of the mammograph images, and a higher prediction probability of the
two position images was considered as the confidence of the breast. Oth-
erwise, we focused on the predicted probability of a malignant image. If
the probability of malignancy was greater than 0.5, we determined the
breast as malignant; otherwise, it was considered benign. The prediction
confidence was determined by the prediction probability of the selected
position image based on the final result. Thus, at the breast level, SPP-
Net exhibited an overall performance of an AUC of 0.6937 (Fig. 5b) and
achieved an overall accuracy of 0.6324 (Table 2).

When physicians observe calcified lesions, they usually first deter-
mine the location of the lesion and then enlarge the image for care-
ful evaluation. Therefore, we believe that detection-based classification
methods can achieve better results. Using our detection network, we
were able to discriminate between malignant calcifications and the de-
tection box. If the detection model detected a malignant box in an im-
age, we resolve that the image is malignant. Otherwise, the lesions were
considered benign. This network is called the FPNNet. The results of
the FPNNet were better than those of the SPPNet, which showed an
overall performance of an AUC of 0.7753 (Fig. 5c) and achieved an
overall accuracy of 0.7055 (Table 2) at the mammograph image level.
The overall classification accuracy for discriminating between benign
and malignant breasts was 0.7237 (Table 2) with an AUC of 0.8042
(Fig. 5d). The sensitivity of malignant breast prediction reached 0.7778
(Table 2), which was very helpful in reducing the missed detection rate
of malignant calcification lesions. Multiple indicators showed significant
improvement.

There were a total of 1373 calcified lesions in the test set accord-
ing to pathology, the gold standard. Since the model-predicted calcifi-
cation regions may be larger and more numerous than the annotated
regions, we searched for regions with the highest intersection-over-
union (IoU) values in the gold standard across all predicted regions. This
yielded 1185 matching regions. We calculated the classification perfor-
mance of the models for these calcified lesions. The overall accuracy of
the microcalcification lesion level was 0.7511 (Table 2) with an AUC
of 0.7627 (Fig. 5e). In addition, a five-fold cross-validation was con-
ducted to ensure the effectiveness and non-overfitting of the network
(Table 3).

3.4. Pathological type and ER status classification results

Under the premise that calcification could be judged as malignant
or benign, we assumed that the pathological type (invasive vs. non-
invasive) and ER status (ER-negative vs. ER-positive) could also be dis-
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tinguished using deep-learning methods. This study has great medi-
cal prospects as a deeper task for exploring calcification classification.
Based on our detection model, we cropped the malignant calcification
regions into patches in accordance with the bounding boxes. Depending
on the pathological type of the malignant calcified lesions, calcifica-
tion images could be classified as DCIS or invasive cancer. We divided
the malignant patches on the basis of the results of 2764 invasive can-
cer and 231 DCIS images. We divided the training and test sets in the
manner similar to training the detection network. The images used for
training in the detection task belonged to the training set in the sub-
sequent classification task. Thus, we ensured that our test data did not
cross the training set, ensuring the fairness of the classification task. Ul-
timately, the training set comprised 2245 invasive cancer images and
201 DCIS images, whereas the test set contained 519 invasive cancer
images and 30 DCIS images. We used SPPNet for pathological type clas-
sification. Table 4 shows the classification results for the pathological
types.

Since the microinvasion lesion (defined as an invasion lesion less
than 1 mm) was very small and almost all microinvasions were accom-
panied by DCIS, it was very difficult to distinguish between DCIS with
microinvasion and pure DCIS. Therefore, we classified DCIS with mi-
croinvasions into the DCIS category. Similarly, there were 1970 Class
1 and 476 Class 2 images in the training set, and 445 Class 1 and 104
Class 2 images in the test set. Class 1 refers to invasive cancer images ex-
cluding microinvasion and Class 2 refers to DCIS images with or without
microinvasion (Table 4).

Based on ER expression, breast cancer can be divided into two sub-
types: ER-positive and ER-negative. Clinically, approximately two-third
of breast cancer patients are ER-positive. Therefore, the two ER cate-
gories were closer to the clinical value. Malignant patches were classi-
fied into two categories based on ER positivity or negativity. Ultimately,
the training set contained 1451 ER-positive and 614 ER-negative im-
ages, while 416 ER-positive and 148 ER-negative images were included
in the test set (Table 4).

The experimental results showed that the proposed model can
achieve high overall accuracy. However, considering the imbalance in
the sample size, a stochastic model could also achieve similar results.
Therefore, we plotted the ROC curve for the proposed method, as shown
in Fig. 6. The ROC curve is a visualization tool used to compare the qual-
ity of two classification models. AUC is defined as the area enclosed by
the coordinate axis under the ROC curve, where a larger value is better.
Theoretically, the AUC of the stochastic model was 0.5. The blue line
represents the performance of the stochastic model and the yellow line
represents the performance of our model. The AUC of our pathological-
type classification (invasive cancer including microinvasion) (Fig. 6a)
and pathological-type classification (invasive cancer excluding microin-
vasion) models (Fig. 6b) were 0.5444 and 0.5573, respectively, and the
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Five-fold cross validation results of the training set for different deep-learning models on mammography image, one-side breast, and microcalcification

lesion level.

Level Model Five-Fold Overall Precision Sensitivity F1-score
Accuracy N - N
Benign Benign Benign
Malignant Malignant Malignant
Mammograph images SPPNet 1 0.6031 0.8857 0.2787 0.5849 0.6800 0.7045 0.3953
2 0.5751 0.3342 0.7904 0.5877 0.5704 0.4261 0.6626
3 0.5598 0.4107 0.7408 0.6580 0.5087 0.5057 0.6032
4 0.6247 0.4697 0.8270 0.7799 0.5444 0.5863 0.6566
5 0.5304 0.8382 0.3326 0.4466 0.7619 0.5827 0.4631
Average 0.5786 0.5877 0.5939 0.6114 0.6131 0.5611 0.5562
STD 0.0368 0.2555 0.2656 0.1214 0.1050 0.1036 0.1206
FPNNet 1 0.7010 0.9426 0.3724 0.6714 0.8267 0.7842 0.5135
2 0.7430 0.5122 0.9472 0.8957 0.6870 0.6517 0.7964
3 0.9466 0.9158 0.9630 0.9294 0.9555 0.9225 0.9592
4 0.9720 0.9695 0.9733 0.9478 0.9846 0.9585 0.9789
5 0.6506 0.8654 0.4118 0.6207 0.7333 0.7229 0.5274
Average 0.8026 0.8411 0.7335 0.8130 0.8374 0.8080 0.7551
STD 0.1470 0.1878 0.3121 0.1546 0.1315 0.1304 0.2256
One-sided breast SPPNet 1 0.4877 0.9116 0.2490 0.4061 0.8333 0.5618 0.3835
2 0.6516 0.3652 0.7676 0.3889 0.7491 0.3767 0.7583
3 0.6225 0.4462 0.7074 0.4234 0.7262 0.4345 0.7167
4 0.6967 0.5497 0.7863 0.6103 0.7414 0.5784 0.7632
5 0.4049 0.8800 0.2970 0.2215 0.9159 0.3539 0.4485
Average 0.5727 0.6305 0.5615 0.4100 0.7932 0.4611 0.6140
STD 0.1219 0.2511 0.2655 0.1381 0.0803 0.1040 0.1831
FPNNet 1 0.6936 0.9399 0.3657 0.6636 0.8205 0.7780 0.5059
2 0.7920 0.5776 0.9370 0.8611 0.7663 0.6914 0.8431
3 0.9700 0.9771 0.9665 0.9343 0.9886 0.9552 0.9774
4 0.9850 0.9924 0.9813 0.9632 0.9962 0.9776 0.9887
5 0.6272 0.8848 0.3972 0.5671 0.7944 0.6912 0.5296
Average 0.8135 0.8744 0.7295 0.7979 0.8732 0.8187 0.7689
STD 0.1608 0.1710 0.3184 0.1741 0.1105 0.1396 0.2365
Microcalcification lesions FPNNet 1 0.7521 0.9542 0.4951 0.7062 0.8947 0.8117 0.6375
2 0.8691 0.6553 0.9684 0.9059 0.8581 0.7605 0.9099
3 0.9736 0.9625 0.9789 0.9559 0.9821 0.9592 0.9805
4 0.9836 0.9870 0.9820 0.9620 0.9939 0.9744 0.9879
5 0.6676 0.8900 0.4246 0.6282 0.7795 0.7365 0.5497
Average 0.8492 0.8898 0.7698 0.8316 0.9017 0.8485 0.8131
STD 0.1382 0.1359 0.2841 0.1542 0.0892 0.1115 0.2050
STD means Standard Deviation.
Table 4
Classification results according to pathological type and estrogen receptor (ER) status.
Set Classification  Class 1 Class 2 Overall  Precision Sensitivity F1-score
Accuracy
Class1 Class2 Class1 Class2 Class1 Class 2
Train Pathological  Invasive cancer (including microinvasion) ~ Pure DCIS 0.8626 0.9196 0.1053 0.9318 0.0896 0.9257 0.0968
type Invasive cancer (excluding microinvasion)  DCIS with or without microinvasion 0.6648 0.8476 0.2828 0.7117 0.4706 0.7737 0.3533
ER status ER-positive ER-negative 0.6993 0.7038 0.3793 0.9876 0.0179 0.8219 0.0342
Test  Pathological  Invasive cancer (including microinvasion)  Pure DCIS 0.8889 0.9508 0.1220 0.9306 0.1667 0.9406 0.1408
type Invasive cancer (excluding microinvasion)  DCIS with or without microinvasion 0.6430 0.8152 0.2013 0.7236 0.2981 0.7667 0.2403
ER status ER-positive ER-negative 0.7411 0.7402 1.0000 1.0000 0.0135 0.8507 0.0267

ER means estrogen receptor. DCIS means ductal carcinoma in situ.

AUC of our ER status classification model (Fig. 6¢) was 0.5692. Since
the pathological type and ER expression can be discerned at the molec-
ular level and not at the visual level, they may be extremely difficult to
distinguish using Al Notably, even under the current sample imbalance
conditions, our model achieved some results, proving that this direction
deserves further exploration.

4. Discussion and conclusion

With the development of deep-learning algorithms, computer-aided
diagnosis has played an important role in multiple medical domains.
Yala et al. [24] demonstrated that deep-learning models could clas-
sify even a fraction of mammography scans as cancer-free, thereby im-
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proving the performance and workflow efficiency. Rodriguez-Ruiz et al.
[23] used an Al system to assist in diagnosis, which yielded a signif-
icantly better performance compared to radiologists. Although Al sys-
tems have performed well in predicting breast cancer, most of the meth-
ods only consider image-level classification and cannot specifically lo-
cate regions where lesions may be present.

In this study, we developed a deep-learning system for mammogra-
phy that focused on interpreting microcalcifications and was trained to
recognize only microcalcification lesions (with or without masses). We
built an Al system using deep-learning methods, including image stan-
dardization, microcalcification detection, and mammography classifica-
tion. The microcalcification detection model was based on Faster RCNN
[27], which automatically searches for calcification regions in mammog-
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Fig. 6. Performance of SPPNet in different classification tasks. The receiver operating characteristic (ROC) curve is a visualization tool to compare the quality
of the two classification models. AUC (Area Under Curve) is defined as the area enclosed with the coordinate axis under the ROC curve, where a larger value is
better. (a—c) ROC curves (i) and normalized confusion matrices of image classifications on training set (ii) and test set (iii). (a) The performance of pathological type
classification (invasive cancer including microinvasion). (b) The performance of pathological type classification (invasive cancer excluding microinvasion). (c) The

performance of estrogen receptor (ER) status classification.

raphy and determines whether they are benign or malignant. As micro-
calcifications are very small, the FPN structure was used to fuse deep
features at different scales. Based on the detection boxes and prediction
results presented by the detection model, we determined the category of
mammography images (benign or malignant), i.e., mammography with
the presence of a malignant box was classified as malignant. The experi-
ments demonstrated that our detection model accurately extracted calci-
fication regions after learning large-scale mammography image features.
The overall classification accuracy of the system for discriminating be-
tween benign and malignant breasts was 0.7237 with an AUC of 0.8042,
and the sensitivity of malignant breast prediction reached 0.7778. The
overall accuracy for the mammograph image level was 0.7055, with an
AUC of 0.7753, and 0.7511 for the microcalcification lesion level with
an AUC of 0.7627.

The ability of the Al system to predict the pathological type and
ER status remains unexplored. We performed experiments using a ba-
sic classification model to classify pathological types and ER statuses.
Experiments showed that while the model could achieve high overall
accuracy in both classification tasks, its AUC was only close to that of
a stochastic model. The high overall accuracy was attributed to an ex-
treme imbalance in the data sample sizes of the two classes. As the lesion
of microinvasion (defined as an invasion lesion less than 1 mm) was
too small to distinguish from pure DCIS, we also tried another classi-
fication—i.e., categorizing DCIS with microinvasion into the category
of DCIS. The AUC of our pathological type classification model was
approximately 0.5-0.6. Compared to the mammography image clas-
sification results, Al achieved good performance from the image vi-
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sual perspective, but it did not prove to be ideal for molecular-level
classification.

In conclusion, we explored the ability of Al to distinguish between in-
vasive and noninvasive breast cancers. Moreover, we also used Al to de-
termine the molecular subtypes of breast carcinoma. We demonstrated
that a deep-learning model trained to recognize only microcalcification
lesions can achieve better accuracy in early diagnosis of breast cancer.
We could not only provide the classification results of mammography
images, but also annotate specific calcification regions. This practice has
rarely been reported in the literature. However, our attempts at patho-
logical type and ER status classification did not achieve good results and
deserve further research.

Data availability

The main data supporting the results of this study, including the de-
identified and anonymized data generated, are available at https://pan.
baidu.com/s/1swu7-7z0O2RooHDItk8cQ_A (psd: 18el).

Code availability

The codes for our Al system, including image standardization, mi-
crocalcification detection, and mammography classification, are avail-
able at https://github.com/AliceQLin/Microcalcification-detection-
and-classification. The codes are available for download for non-
commercial use.
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