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Abstract

Accurate segmentation of breast masses is an essential step in computer aided diagnosis of
breast cancer. The scarcity of annotated training data greatly hinders the model’s generali-
zation ability, especially for the deep learning based methods. However, high-quality image-
level annotations are time-consuming and cumbersome in medical image analysis scenar-
ios. In addition, a large amount of weak annotations is under-utilized which comprise com-
mon anatomy features. To this end, inspired by teacher-student networks, we propose an
Anatomy-Aware Weakly-Supervised learning Network (AAWS-Net) for extracting useful
information from mammograms with weak annotations for efficient and accurate breast
mass segmentation. Specifically, we adopt a weakly-supervised learning strategy in the
Teacher to extract anatomy structure from mammograms with weak annotations by recon-
structing the original image. Besides, knowledge distillation is used to suggest morphologi-
cal differences between benign and malignant masses. Moreover, the prior knowledge
learned from the Teacher is introduced to the Student in an end-to-end way, which improves
the ability of the student network to locate and segment masses. Experiments on CBIS-
DDSM have shown that our method yields promising performance compared with state-of-
the-art alternative models for breast mass segmentation in terms of segmentation accuracy
and loU.

Introduction

Breast cancer is one of the common cancer types that seriously endangers women’s health
around the world [1]. Early diagnosis, effective prediction and collaborative healthcare can sig-
nificantly reduce the mortality rate of breast cancer [2-4]. Mammography screening becomes
the most reliable tool for detecting breast carcinomas at early stages, because it provides an
informative, non-invasive and inexpensive way of examination [5,6]. However, it is extraordi-
narily difficult to detect masses even for experienced radiologists, since their high variability,
low contrast and high similarity with the surrounding healthy tissues [7]. Therefore, the X-ray
Computer Aided Diagnosis (CAD) of abnormalities is highly recommended for assisting radi-
ologists in locating masses and outlining borders of masses. In particular, accurate semantic
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segmentation of breast mass plays a key role in feature extraction and related downstream pro-
cedures [8].

In common sense, the early state-of-the-art architectures generally benefit from well hand-
designed feature representations (e.g., intensity information, contrast information and texture
information, etc.) [9-11]. Those conventional medical segmentation techniques excessively
depend on the prior knowledge of medical science and subjective assessment which hinders its
widespread application in medical image analysis. Despite the early popularity and success of
the traditional segmentation methods, Deep Learning (DL) approaches change the main trend
on many segmentation tasks in the context of medical image analysis (e.g., semantic segmenta-
tion). In medical image segmentation scenarios, semantic segmentation classifies each pixel of
a medical image and provides both location and rich morphology features, such as shape type
(round, oval, lobular and irregular) and margin type (spiculate, ill-defined, obscured and cir-
cumscribed) [12]. DL based algorithms are the data-driven machine learning paradigm, which
has an intrinsic ability to learn deep and discriminative features from data without human
intervention, and thence, outperform the traditional image segmentation methods [13]. Previ-
ously, DL based solutions segmented abnormities by sliding the image block with fixed-size
which is intercepted by a square window centered on the target pixel. Whereas, the segmenta-
tion accuracy depends on the size of the selected image block and the computation time
increases due to repeated computations [14].

After the advent of Fully Convolutional Networks (FCN), such brand-new network struc-
tures gradually replaced the sliding window algorithm and became the mainstream framework
for semantic segmentation [15]. FCN adopts a classic encoder-decoder structure, replaces the
tull connection layer in Convolutional Neural Networks (CNN) with the convolutional layer
and uses the transpose convolution to perform accurate segmentation. Based on FCN, the dif-
ference of various segmentation networks is mainly manifested in the construction of decoder
[16,17]. Although FCN achieves accurate semantic segmentation by multi-scale feature fusion,
the problem of inaccurate pixel positioning affects the accuracy of segmentation [18]. U-Net is
a commonly used network for medical image segmentation, which adopts a completely sym-
metrical encoder-decoder skeleton with skip connections. In this way, it can fuse high- and
low-level information and produce more accurate pixel positioning by concatenation, thus
achieves higher segmentation accuracy [19]. Derived from U-Net, a series of state-of-the-art
networks for medical image segmentation were proposed, most of which benefit from atten-
tion mechanism [20], recurrent residual convolution [21], residual connection [22], to name a
few. For instance, deep supervision was integrated with U-Net to improve U-Net’s attention to
the boundary of Region of Interests (ROIs) [23]. Furthermore, a modified U-Net coupled with
Attention Gates (AGs) for breast mass segmentation was proposed in [24]. In this method,
U-Net adopts a densely connected convolutional network as an encoder and AGs as the
decoder network. In another study [25], a multi-task model by combining both the residual
connections and deep supervision scheme with U-Net was presented. Another approach is
UNet++ which uses a shallow structure adapted from the original U-Net, thus avoiding loss of
details when transferring information from encoder to decoder, which is great of importance
for accurate boundaries detection [26,27]. While UNet 3+ combines deep and shallow features
through full-scale connection and supervises the features of each scale by deep supervision
[28].

Although the architectural advancements have achieved outstanding performance on the
semantic segmentation task of medical images, they still share the common limitations for fur-
ther improvements, i.e., both large and high-quality annotated datasets are needed for training
an efficient image segmentation model [29]. However, the acquirement of numerous anno-
tated datasets remains a tricky challenge, especially in medical image processing, where
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annotating mass instances requires experts to revisit mammograms and outline the edges of
tumor, which is extremely cumbersome and time-consuming [30]. Although potential feasible
solutions such as crowdsourcing could generate large amounts of images with accurate anno-
tations undesired noise would be incurred [31]. To leverage numerous medical images with
weak annotations, weakly-supervised learning strategies have been developed to excavate spe-
cific types of information from data with scarce annotations or weak annotations (e.g., sparse
annotations, noisy annotations and bounding box annotations) [32-34]. Besides, Knowledge
Distillation (KD) can offset the deficiency of annotations by transferring prior information
[35,36]. Moreover, the current state-of-the-art methods are commonly committed to exploring
important information from limited data for per-pixel analysis, while under-utilize numerous
medical images with scarce annotations or weak annotations. Furthermore, both labeled and
unlabeled datasets abundantly contain the same anatomical structures which commonly share
the same properties because of the inherent nature of anatomy. Anatomy features can guide
abnormalities segmentation by comparison with the same features existing in other un-labeled
images [37]. Therefore, a full exploration of anatomical structures in medical images may
greatly enhance the segmentation performance of DL based models [38,39]. On top of that,
clinical data show that the morphological features of mass are highly related to tumor grade
(i.e., benign and malignant), which is an important reference basis for clinicians to make the
diagnosis and further give treatment options [40]. Generally speaking, benign tumors present
regular shapes, while malignant tumors usually have irregular borders. However, in some
cases, it is difficult to tell whether a mass is benign or malignant [41]. Therefore, the accurate
classification of the mass is of great importance.

To this end, we propose an Anatomy-Aware Weakly-Supervised Learning Network
(AAWS-Net) to perform breast mass segmentation. Specifically, a well-trained Auto-Encoder
(AE) is employed to explore common anatomical structures from large sets of mammographic
images with weak annotations. Moreover, to push forward segmentation performance, KD is
introduced to transfer anatomy features representation ability from the AE (Teacher) to the
segmentation network, i.e., U-Net (Student) so that the segmentation network becomes more
sensitive to other anatomy structures when the available data is limited. Furthermore, to fur-
ther boost the segmentation performance, we present a scheme of mass classification which
can suggest the morphological differences between benign and malignant masses for the net-
work and provide the reference basis for the therapeutic plan.

To sum up, the main contributions of this paper are four-fold:

« We proposed a systematic weakly-supervised learning framework which is an end-to-end
trainable network for breast mass segmentation. The proposed model could make full use of
weak annotations.

» Common anatomical structures of breast were fully explored by reconstructing the original
image.

o KD was introduced to distinguish the morphological differences between benign and malig-
nant masses to further enhance the segmentation ability.

The proposed network was evaluated and compared with the other four methods for mass
segmentation of mammograms on the CBIS-DDSM dataset, showing that it overwhelms the
others.

The rest of this paper is structured as follows in a whole. First, the employed methodology
and experiment are illustrated in Section 2. Then, the achieved results are presented in Section
3. Furthermore, the experimental conclusion and future work are provided in Section 4.
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Materials & methods

In this section, the proposed network architecture, including the Teacher model and the Stu-
dent model are presented. After that, the details of experiments are illustrated. Finally, quanti-
tative evaluation metrics are listed.

Anatomy-Aware Self-Supervised Learning Net (AAWS-Net)

The goal of the proposed framework is to boost the accuracy of breast mass segmentation
model by fully utilizing large-scale weakly-labeled dataset and exploiting the breast anatomy
structures of mammograms. To further improve the performance of the proposed model, KD
was introduced for classifying the pathology of masses. In particular, AE (Teacher) was
designed for better representation of anatomy structures, while traditional U-Net (Student)
was performed for accurate segmentation of breast masses.

As is shown in Fig 1, both the Teacher and the Student have the same symmetric encoder-
decoder architecture adapted from the version of U-Net in [19], and the proposed framework
is constructed by three branches. The first branch enforces a weakly-supervised learning
network (i.e., a symmetric encoder-decoder without skip connections) to learn anatomical
structures of the breast by reproducing the original input image on the dataset without corre-
sponding binary masks. Then, KL loss was used to transfer anatomy properties of the Teacher
to the Student for promoting the accuracy of mass segmentation. Furthermore, a classification
scheme of masses was embedded in the framework, which could provide clues of the difference
between benign and malignant masses for the segmentation network through the application
of Knowledge Distillation (KD) loss. The third stage adopts the Ground Truth (GT) loss to
make the Student’s prediction of segmentation similar to that of the reference segmentation.
Note that the Teacher and Student have the same number of encoder and decoder nodes. In
addition, the weights of the Teacher will not be updated when training the Student. The input
image is a squared crop of the full mammogram containing abnormalities.
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Fig 1. Illustration of AAWS-Net.
https://doi.org/10.1371/journal.pone.0256830.g001
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Fig 2. Teacher network architecture.
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Teacher model. In the medical image domain, due to relatively stable structure of organs,
uncomplicated and unequivocal semantic information contained in images, as well as fuzzy
boundaries and complicated gradients, thus both high- and low-level semantic information
are of great importance for accurate segmentation.

In this study, the Teacher network is a well-known self-supervised learning network, i.e.,
AE, which is a common feature compression scheme, encoding high-dimensional input data
into low-dimensional output codes and then reconstructing the original input from codes.
Recent studies have demonstrated the efficiency of medical image segmentation on limited
datasets with weak annotations [34]. To be specific, the encoder network aims to compress
high-dimensional input properties into low-dimensional output features, while the symmetric
decoder network then upsamples the low-resolution encoder feature maps to full input resolu-
tion features to reconstruct the original input. The purpose of the Teacher is to learn anatomy
features by restoring input image tile in latent space. Fig 2 shows the detailed architecture of
the Teacher.

As we can see from Fig 2, the encoder of the Teacher obtains low-resolution feature maps
by down-sampling four times, which can provide contextual semantic information of the seg-
mented object in the whole image. More importantly, the contraction path can study anatomy
features by encoding them at different levels. Symmetrically, the decoder reverts the low-reso-
lution semantic features to the high-resolution of the original image by upsampling four times.
This process can extract both high- and low-level information, thus improve the feature repre-
sentation capability of the Teacher.

Student model. The Student adopts conventional U-Net in [19] (Fig 3) as backbone net-
work, which is composed of two main paths (i.e., down-sampling and up-sampling) and a
transition block is at the bottom of the network. Different from the Teacher, the Student
adopts skip connections at the same stage of the corresponding encoder and decoder phase.
Thus, the segmentation feature map fussed not only low-level features, but also features at dif-
ferent scales, which can improve the accuracy of the segmentation model and prevent gradi-
ents from vanishing. Moreover, four times of upsampling also makes the segmentation image
recover edge information more refined.

The Student learns privileged information from the Teacher by adding the soft targets of
the Teacher, which are shown as follows:

exp(,/ ) "

P =S exple,/T)

Where T is a parameter used to control the importance of the soft targets. Given the logarith-
mic vector T as the output of the last full connection layer, 7; is the log of class i.
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Fig 3. Backbone architecture of the student.
https://doi.org/10.1371/journal.pone.0256830.g003

As we can see from Fig 1, the Teacher and Student process different inputs and have differ-
ent goals. Specifically, the Teacher aims at exploring breast anatomical structures by fully
leveraging weakly-annotated data, while the Student serves for learning the transferred knowl-
edge from the Teacher to obtain accurate semantic segmentation of mammographic images.
In consequence, we transfer the Teacher’s anatomy features representation capability to the
Student in latent feature space.

Knowledge transfer. Owing to different inputs of Teacher and Student, low-level image
information (e.g., texture, edges and gradients) encoded in the lowest layers should be differ-
ent. By contrast, higher-level image properties in the highest layers closer to the bottleneck
should be similar. Moreover, we assume that the Teacher encodes the anatomical properties to
precisely reconstruct the original images [42]. Then, we adopt KD as knowledge transforma-
tion strategy to transfer the anatomy information encoded in the Teacher’s bottleneck to the
Student by making their anatomy features representation capabilities as close as possible.

In particular, we use KL loss to compare the dissimilarity between the latent spaces which
allows the Student to obtain anatomy features representation ability from the Teacher. Besides,
the KD loss term enables the Student network to learn specific information from the Teacher
by classifying the type of breast mass via image-wise labels.

Training strategy. At first, we train a weakly-supervised learning network (i.e., AE) on a
large-volume of weakly-labeled datasets to directly learn the anatomy features of breast masses
by encouraging the Teacher to reconstruct the original image. Then, we transfer privileged
knowledge from the pre-trained Teacher to Student by distillation. In particular, weights of
the Teacher will not update by backpropagation and three different losses (i.e., KL loss, KD
loss, and GT loss) are used when training the Student.

Loss function. Reasonable selection of loss function is of great importance in improving
the performance of models [43]. In order to encourage the Teacher to learn high-level seman-
tic properties of anatomical structure, rather than pixel-wise features, we used L1 loss for the
restoration task. At the same time, we employed Cross Entropy (CE) loss to make the Teacher
model classify the pathologic types of breast mass from the latent features.

1< .
Ly :NZ|)’1'_)’;'| (2)
=1
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Ly = —zlog(2) — (1 - z)log(1 — 2) (3)

Where 7, and y; represent the i pixel value of the reconstruction image and the input image
respectively. N is the total number of pixels in the image. Z denotes the probability that the
sample is predicted to be positive, and z is the corresponding label of the sample.

The total loss of the Teacher is expressed by:

ET = ‘Cu + ECE (4)

Based on that, KL loss can measure the difference between predicted image and labeled
image, which was used for transferring useful privilege information of anatomical structures
encoded in the Teacher’s bottlenecks to the Student’s ones.

Lulp.) = X5 S alyos( 1) )

Where p; (resp. g;) denotes the bottleneck’s flattened and normalized vector. We use KL loss to
encourage the distribution of the Student’s bottleneck to be similar to the one of the Teacher’s.

KD loss was applied for pointing out the difference between benign and malignant masses
to further enhancement of segmentation accuracy.

Ly =Y _[(1 - Dice(p,,a(z}))) + BCE(p}, o(1)))] (6)

1

Where o is the softmax function, p; is the binary prediction of the Teacher. Dice is the Dice
score, which measures the similarity of feature maps of the Teacher and Student. BCE is the
binary cross entropy, which is a local measure computed for each pixel. Note that it is neces-
sary to binarize p; since soft labels cannot be used in the binary cross entropy.

Additionally, we enforce the Student to generate the segmentation prediction as close as
possible to the ground truth by using the reference segmentation loss function, which is com-
puted as follows:

Ler =Y _[(1 - Dice(s,, o(}))) + BCE(s,, o(1)))] (7)

i

Where s; represents the i’ sample’s corresponding ground truth mask in the dataset.
The complete objective function of the Student is:

Lo=aly,+ (1 —a)Lor+ ALy (8)

Where, a€[0, 1],A€R". The parameter a balances the influence of the Student’s hard targets
with the Teacher’s soft targets, while A is used to balance the magnitude of the KL loss with the
other two losses.

Experimentation

Dataset of mammographic images. We validated AAWS-Net on a publicly available digi-
tal dataset for screening mammography: CBIS-DDSM (Curated Breast Imaging Subset of
DDSM) [44,45] which contains 891 mass cases. In this work, a total of 1250 images in CC view
which contains full mammogram images, cropped ROI and corresponding ground truth of
binary masks were chosen for mass segmentation. We used 80% of the images for training,
10% for validation and the rest for testing the breast mass segmentation model. All of the full
mammogram images as well as the related masks were first converted into PNG format and
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then cropped to 1024x1024 to remove the irrelevant background regions, followed by flipping
and intensity normalization.

Experiment setting. In our experiments, we evaluate the segmentation performance of
AAWS-Net and four deep models of recent segmentation references (i.e., U-Net [19], FCN
[15], ResUnet [22] and DenseUnet [46]).

To further validate our proposed network’s segmentation performance, the ablation experi-
ments were carried out according to the strategy in [47]. First of all, traditional U-Net was
used for mass segmentation on CBIS-DDSM with pixel-wise masks. Afterward, AE (i.e., a sym-
metric encoder-decoder without skip connections) explored anatomical structures on the
same datasets but the pixel-level annotations were removed, then the pre-trained AE was
applied for the mass segmentation task. Likewise, U-Net was employed for reconstruction and
segmentation tasks. In addition, in order to further investigate the effects of anatomical struc-
tures and mass classification on boosting segmentation accuracy, the proposed framework
first abandoned KD loss but retained the KL loss. Then, KL loss was used rather than KD loss,
and finally, both KD loss and KL loss were adopted for mass segmentation.

All the models shared the same setting and training strategies, and to save the training time,
an early-stopping mechanism was also applied during training. All of experiments were con-
ducted by python with pytorch1.1.0, torchvision0.3.0 and cudatoolkit9.0 performing on a
64-bit Ubuntu operating system using a 2.9 GHz Intel Core-i5 with 15.6 GB of RAM and Nvi-
dia GTX 1080ti GPU with 11 GB of video RAM.

Evaluation metrics

In this study, we used five metrics for model evaluation: accuracy (AC), recall (RE), F1 score
(F1), specificity (SP) and Intersection over Union (IoU), which are computed as follow:

c— TP + TN
"~ TP+ FP+ TN + FN

©)

TP

RE=——— 10
TP+ FN (10)

Fle9x recall x precision

(11)

(recall + precision)

TN
SP=——— 12
FP+ TN (12)
_ target N prediction (13)
~ target U prediciton

Where TP, FP, TN and FN refer to true positives, false positives, true negatives and false nega-
tives, respectively.

Results and discussion
Segmentation experiment results and discussion

In this section, segmentation results in terms of four crucial metrics used in our experiment of
all models (i.e., AAWS-Net, U-Net, FCN, DenseUnet and ResUnet) are summarized in
Table 1.
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Table 1. The comparison of segmentation results.

Datasets Methods IoU AC SP F1
CBIS-DDSM U-Net 0.628 0.962 0.854 0.738
FCN 0.599 0.932 0.782 0.726
DenseUnet 0.649 0.946 0.793 0.758
ResUnet 0.644 0.937 0.807 0.755
AAWS-Net 0.672 0.962 0.824 0.791

https://doi.org/10.1371/journal.pone.0256830.t001

As is shown in Table 1, the best results are marked in bold and AAWS-Net yields the best
results in comparison with the other four methods across all metrics except for the SP value.
U-Net obtains the best result of 85.4% while our proposed model provides the second-best
result of 82.4% with a modest difference of 3%. In the IoU column, AAWS-Net outperforms
the compared methods, where DenseUnet is the second best model. Contrasted to U-Net,
AAWS-Net obtains the same degree of accuracy, which is 96.2%. Although the specificity of
AAWS-Net (82.4%) is not as good as U-Net (85.4%), the former has obtained an impressive F1
(79.1%), which leads to the highest values of IoU (67.2%). The U-Net model obtains the high-
est rate of true negatives, i.e., SP (85.4%) and AC (96.2%) but its F1 score is poorer (73.8%)
than AAWS-Net, which informs that it misses more real tumor area than the AAWS-Net
approach.

In general, our proposed model performed well in terms of crucial metrics which supports
our hypothesis that the fully-utilized weakly-annotated data and fully-exploited anatomy fea-
tures provide more details of breast mass and support and play a key role in accurate mass seg-
mentation. Fig 4 presents a visualization of four tumors’ segmentation results by five
segmentation approaches on CBIS-DDSM dataset. To be specific, cropped original images and

M TP H TN FP B FN

Fig 4. Segmentation results of five models with CBIS-DDSM dataset.
https://doi.org/10.1371/journal.pone.0256830.9g004
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corresponding ground truth masks are shown in the first and second column, respectively,
and the TP, TN, EN, and FP are marked up in red, black, blue and green.

Fig 4 provides a comparison of the segmentation results between the proposed model and
the other five methods on CBIS-DDSM. Columns (a) and (b) are cropped original images and
corresponding ground truth masks, respectively. Columns (c)-(g) are the segmentation results
from AAWS-Net, U-Net, DenseUnet, FCN, and ResUnet, respectively. It can be seen from Fig
4 that our proposed model achieves the best segmentation results of all tumors except for the
fourth sample, where DenseUnet got the worst segmentation result with the highest degree of
FP and the other three models provided a similar degree of precision. Besides, ResUnet seg-
mentation result is the worst for the second sample, since it has mistaken some tumor areas as
healthy tissues. For these four tumors, AAWS-Net properly classified the blue pixels (TP) and
black pixels (TN), which illustrated that AAWS-Net could accurately distinguish between pre-
dicted object tags and ground truth masks. At the same time, very few green pixels (FP) indi-
cate that the proposed AAWS-Net accurately classifies the unhealthy tissue as breast tumor
area. Meanwhile, red pixels (FN) around the borders of tumor shows that AAWS-Net has
failed to recognize a tiny area of tumor areas since healthy and unhealthy tissues are usually
mixed together resulting in indiscernible borders of the tumor.

From the experimental results, it can be concluded that the proposed AAWS-Net is the
most effective method for breast mass segmentation compared to other recently used semantic
segmentation approaches.

Ablation experiment results and discussion

In this section, an ablation study was conducted to comprehensively verify the rationality and
the efficiency of AAWS-Net. In particular, we analyzed the results of the proposed AAWS-Net
on CBIS-DDSM dataset with different network structures and different training strategies to
understand the effects of anatomical structure and precise classification of breast mass on seg-
mentation performance. Table 2 provides the segmentation metrics of seven models with dif-
ferent patterns, where Unet_Pre denotes the pre-trained Unet, AE_Pre represents the pre-
trained auto-encoder, Without_KD is AAWS-Net without KD loss and Without_KL is
AAWS-Net without KL loss.

We observed from Table 2 that AE achieved the worst segmentation result on all evaluation
matrices, which indicates that AE is not suitable for semantic segmentation. In comparison
with AE, the metrics of IoU, Recall and F1 score of pre-trained AE by reconstructing original
images shows a remarkable improvement by 6%, 5.1% and 7.8%, respectively. Whereas, the
degree of all metrics of pre-trained AE still the worst when compared to other models, which
shows that without skip connections, the capability of anatomy features extraction would be
weakened.

Table 2. The segmentation metrics of ablation experiments.

Ablation Experiments IoU RE F1
U-Net 0.628 0.684 0.738
Unet_Pre 0.634 0.718 0.754
AE 0.331 0.361 0.450
AE_Pre 0.391 0.412 0.528
Without_KD 0.659 0.748 0.773
Without_KL 0.655 0.746 0.775
AAWS-Net 0.672 0.838 0.791

https://doi.org/10.1371/journal.pone.0256830.t002
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The traditional U-Net outperforms both AE and the pre-trained AE across all evaluation metrics,
ie, IoU, RE and F1, which are 62.8%, 68.4% and 73.8%, respectively. The improvements mainly
benefit from symmetrical architecture with skip connections, whereas, the network only focused
pixel-wise features rather than anatomical structures for per-pixel analysis, which constraints the
upper limit for segmentation performance. Besides, the pre-trained U-Net consistently performs
well on all evaluation metrics when contrasted to traditional U-Net, which means anatomical struc-
tures could assist the network in precisely discriminating breast mass from mammograms.

Now, we look at results from AAWS-Net when excluding KL loss. Compared with the pre-
trained U-Net, classification of breast mass increases RE metric by 71.8% to 74.6%, which sug-
gests that mass classification could provide discriminative clew information about masses exis-
tence to the network. Whereas, AAWS-Net still falls short of the state-of-the-art methods, due
to the lack of intuitive information, i.e., anatomy features.

To figure out whether the U-Net can get any effective intuitive information from anatomi-
cal structures and to weigh anatomy features’ relative importance to segmentation results, we
adopt KL loss but discard the KD loss when distilling the Student. Compared to the feature
learning method which abandons KL loss, this strategy achieves higher value of IoU and RE of
65.9% and 74.8% respectively. Owing to intrinsic regularized anatomical structures in different
mammographic images, we compare their common anatomy features, to guide the Student to
segment breast masses, thus making the performance improved.

It is obvious that with the combination of KD loss and KL loss, the performance of AAWS-
Net upgrades with the increase of 1.3%, 9%, and 1.8% for IoU, RE and F1, respectively. We can
also see that solely adding KL loss or KD loss leads to a higher performance of our proposed
model, where IoU, RE and F1 increase almost 3%, 4% and 4%, respectively, while the degree of
all metrics of AAWS-Net with KL loss or KD loss has a tiny difference. It shows that the com-
bination of tumor type classification and anatomy features is beneficial for promoting the sen-
sitivity of the network to malignant masses, thus improving segmentation performance.

Fig 5 shows the segmentation results of our method and other network models for four
breast tumor samples, and Fig 6 is the visualization of the segmentation performance by our
proposed method and other network models.

(a) (b) (d)

Fig 5. Segmentation results of seven models on CBIS-DDSM.

https://doi.org/10.1371/journal.pone.0256830.9005
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Fig 6. Segmentation results of seven models with four tumor samples.

https://doi.org/10.1371/journal.pone.0256830.g006

In Fig 5, the ground truth is shown in red, while the predicted tumor tags are denoted in
green, and in Fig 6, the TP, TN, FP and FN are shown in blue, black, green and red, respec-
tively. Both in Figs 5 and 6, column (a) and (b) are the original ROI images obtained from
CBIS-DDSM, and column (c)-(h) are the segmentation results from AAWS-Net, AE, pre-
trained AE, pre-trained U-Net, U-Net, AAWS-Net without KD loss, and AAWS-Net without
KL loss, respectively. As we can see from Figs 5 and 6, AAWS-Net integrating KD loss and KL
loss all provide the best results for all samples when compared to the others. Both AE and the
pre-trained AE are under segmentation since they misclassify the tumor area as heathy tissues.
Meanwhile, the pre-trained U-Net could perform fine contour detection and object segmenta-
tion than traditional U-Net, which indicates that anatomical structures have contributed to
precisely outline the borders of breast mass. Moreover, for the first tumor, our proposal gener-
ates a predicted tumor’s edge which is irregular but more similar to the ground truth edges
when compared to AAWS-Net without KD loss model and AAWS-Net without KL loss
model. It shows that mass classification could provide discriminative clew information about
masses’ existence to the network and anatomical structure could promote the sensitivity of the
network to different masses.

In conclusion, the ablation experiments show that both anatomical structures and tumor
classification are crucial for segmentation performance, and the architecture of our proposed
AAWS-Net is reasonable and effective.

Conclusion

In this study, considering the scarcity of image-level annotations of medical images, the
under-utilization of numerous weakly-annotated data, and the under-exploration of anatomy
features of breast, an Anatomy-Aware Weakly-Supervised Learning Network (AAWS-Net)
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was proposed for breast mass segmentation. In the proposed framework, AE was designed for
extracting anatomy features from large-scale mammographic images with weak annotations,
KD was adopted as a typical learning strategy to transfer prior knowledge to enhance segmen-
tation performance, and KD loss was formulated for suggesting the morphological difference
between benign and malignant mass. Besides, we compared AAWS-Net with four commonly
used segmentation methods on CBIS-DDSM datasets and the experimental results showed the
dominance of AAWS-Net across all evaluation metrics. Moreover, we also conducted an abla-
tion study to evaluate the effectiveness of the two employed losses, namely KD loss and KL
loss, and the ablation experiment’s results proved that both anatomy and morphological fea-
tures can significantly improve the segmentation results, thus further improving the interpret-
ability of AAWS-Net.

However, this study has the following limitations. First, due to the high resolution of X-ray
images, the memory required for model training is relatively large, which may limit the practi-
cal application of the model. Second, a common problem existing in mammographic images is
that, due to the low contrast and the similarity of the anatomical structure between masses and
normal tissue in mammograms, it is difficult for AAWS-Net to detect the edge of mass pre-
cisely, which means AAWS-Net could wrongly identify lesions as healthy tissue and vice versa.
Thirdly, the parameters of the machine are different when the data is obtained from different
centers. This inconsistency changes the distribution of the image so that the same tissue in dif-
ferent centers will have slight gray differences. When the model encounters data that have not
been seen during training, the anatomical features learned by the model could be disturbed to
a certain extent.
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