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ARTICLE INFO ABSTRACT
Keywords: Semi-supervised learning has attracted much attention in medical image analysis as annotating medical
Consistency regularization images is substantially difficult. Existing semi-supervised learning methods mainly utilize some regularization

Domain knowledge
Virtual adversarial training
Breast cancer diagnosis

strategies to encourage a network to make similar predictions for each sample under various perturbations
(e.g. rotating and flipping). However, as these strategies are originally designed for natural images, they
do not fully utilize the specific attributes in the medical domain. In this paper, we propose DK-HRS,
a domain knowledge-powered hybrid regularization strategy for semi-supervised breast cancer diagnosis.
More specifically, DK-HRS generates four types of perturbed samples, namely, domain knowledge-augmented
samples, weakly and strongly-augmented samples, and virtual adversarial samples. These perturbed samples
represent transformations of medical images from different aspects. DK-HRS utilizes the FixMatch, a popular
consistency regularization method as the backbone, and integrates two additional modules: a virtual adversarial
training module, and a domain knowledge-based contrastive learning module. Experimental results on four
breast ultrasound datasets demonstrate that, by incorporating medical domain knowledge, DK-HRS achieves
superior performance and outperforms some state-of-the-art semi-supervised methods by a large margin.

1. Introduction the same input sample under different perturbations, while adversarial

regularization trains a network to assign similar labels to each input

Over recent years, emerging interest has occurred in adopting semi- data and the neighbors in the adversarial direction. These two regular-

supervised learning in medical image analysis. This is mainly due to ization methods demonstrate their effectiveness in many medical image

the laborious and time-consuming labeling process of medical images. analysis tasks including lung nodule classification (Xie et al., 2019),

Semi-supervised learning, as a powerful approach to make full use of nucleus classification (Su et al., 2019), and the diagnosis of metastatic
large amounts of unlabeled data, has demonstrated its effectiveness epidural spinal cord compression (Zhang et al., 2022).

in various medical image analysis tasks, including pulmonary nodules
diagnosis (Shi et al., 2022), multiple volumetric medical image seg-
mentation (Wang & Li, 2023), breast cancer diagnosis and ophthalmic
disease classification (Wang et al., 2021).

Most existing semi-supervised learning methods follow the regular-
ization strategy, which in essence, utilizes unlabeled data by adding
some extra constraints during the training process. The two popular
approaches of the regularization strategy are consistency regulariza-
tion (Bachman et al., 2014; Laine & Aila, 2017) and adversarial regular-
ization (Miyato et al., 2019). In particular, consistency regularization
devotes to enforce a network to produce consistent predictions for

However, as the regularization methods above are originally de-
signed for tasks related to natural images, no specific attributes of
medical images are directly utilized. We believe that a regularization
strategy specially designed for medical images can achieve a better
performance.

The most specific attribute of medical images lies the medical do-
main knowledge, which is mainly associated with how medical doctors
browse images, the particular areas they focus on, and the features to
which they give special attention. Nowadays, medical domain knowl-
edge has been successfully applied to many supervised learning tasks
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Fig. 1. Cosine distances between original images and their four corresponding
perturbed samples. Different from the other three kinds of perturbed samples, DK-
augmented samples are on average farthest away from the original images, which means
thay may provide extra information that other perturbed samples do not contain.

and achieves large performance improvements (Xie, Niu, Liu, Chen
et al., 2021).

Inspired by the success of applying medical domain knowledge
to supervised learning tasks, we ask whether medical domain knowl-
edge can also be helpful for semi-supervised learning. We believe the
answer is positive. In the regularization strategy, perturbed samples
of each unlabeled image are first generated via different methods
(e.g., RandAugment Cubuk et al., 2019). Then the network is enforced
to give similar predictions for all these samples, by which the most
distinguishing features from each sample can be learned. Similarly, we
can also generate perturbed samples by medical domain knowledge.

Then a key question is whether these ‘domain knowledge aug-
mented samples’ (call as DK-augmented samples hereinafter) contain
extra information than perturbed samples generated by other methods.
We take breast cancer diagnosis as an example and carry out an experi-
ment to illustrate this point. Here, the medical domain knowledge used
in this paper is inspired by the fact that an experienced medical doctor
generally focuses on the tumor area and the transition areas of the
tumor margin. Correspondingly, the DK-augmented samples highlight
more on these areas.

We randomly select about 3500 images from our breast ultrasound
dataset and generate four kinds of perturbed samples (i.e., weakly-
augmented samples, strongly-augmented samples, virtual adversarial
samples and DK-augmented samples) for each image. Then, we com-
pute the average cosine distances between the original images and their
four corresponding perturbed samples, respectively, and the result is
shown in Fig. 1. We can see that compared with the other three kinds of
samples, DK-augmented samples, shown in the red box, are on average
farthest away from the original images. We believe this is because these
DK-augmented samples only contain the most important information by
which radiologists make their decisions. This fact that DK-augmented
samples are significantly different from other perturbed samples in
feature space implies that they may provide extra information for the
training of the model.

Based on the above observation, we present DK-HRS, a domain
knowledge-powered hybrid regularization strategy for semi-supervised
breast cancer diagnosis. DK-HRS utilizes labeled images to learn correct
prediction, and for each unlabeled image, its four types of augmented
samples are generated to help the network learn representative fea-
tures. To illustrate the benefit of incorporating DK-augmented samples,
we first test DK-HRS on a set consisting of 600 images. The classifica-
tion results are shown in a two-dimensional t-SNE feature space (Van
der Maaten & Hinton, 2008) in Fig. 2, where Fig. 2(a), (b) and (c)
are results of using FixMatch, FixMatch+VAT and our method (DK-
HRS), respectively. In particular, FixMatch only considers the weakly-
augmented and strongly-augmented samples, FixMatch+VAT method
also utilizes the virtual adversarial samples on the basis of FixMatch,
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and DK-HRS further incorporates the DK-augmented samples. We can
see that with DK-augmented samples, two categories (i.e., benign and
malignant) are better distinguished in Fig. 2(c), in which samples of the
two categories are less overlapped with the highest diagnostic accuracy.
Overall speaking, the contributions are summarized as follows:

» We find that samples augmented by medical domain knowledge
are far from their original samples than other perturbed ones,
and therefore potentially provide extra information during the
training process of the model.

We present a hybrid regularization strategy with medical domain
knowledge for semi-supervised breast cancer diagnosis. Tech-
niques like domain knowledge-based contrastive learning are
adopted to let the network learn important features.
Experimental results on four breast ultrasound datasets demon-
strate the effectiveness of incorporating medical domain knowl-
edge.

2. Related work
2.1. Semi-supervised learning for medical image analysis

Semi-supervised learning has been successfully used for many med-
ical image analysis tasks (Basak & Yin, 2023; Ren et al., 2023; Wang
et al., 2021; Xu et al.,, 2022; Yang et al., 2022). In general, most
methods focus on the pseudo labeling (Huynh et al., 2022; Zeng et al.,
2023) and regularization strategies (Bachman et al.,, 2014; Laine &
Aila, 2017). The former trains the model in a supervised manner by
generating pseudo labels for unlabeled images, while the latter forces
the model to make similar predictions for samples under different
perturbations.

The last few years have witnessed different variants of regulariza-
tion methods for natural image tasks, such as Mean Teacher (Tarvainen
& Valpola, 2017), virtual adversarial training (VAT) (Miyato et al.,
2019), MixMatch (Berthelot et al., 2019) and FixMatch (Sohn et al.,
2020). Perturbed samples in these methods are generally generated
by adding some noises or using some data augmentation methods
(e.g., RandAugment Cubuk et al., 2020 and CTAugment (Berthelot
et al., 2020)). These regularization methods are soon applied to the
medical domain. For example, on the basis of Mean Teacher, both
local and global consistency are adopted to let the network learn better
features for nuclei classification (Su et al., 2019). Region of interest
(ROI) consistency is adopted in Xu et al. (2020) to guide the network to
focus on the brain region for brain MRI quality assessment. In addition,
by focusing on ambiguous regions in consistency target selection, a
novel ambiguity-consensus mean-teacher model is proposed to drive
the model to learn ambiguous-yet-effective information from unlabeled
data. Experimental results on left atrium segmentation and brain tu-
mor segmentation outperform many state-of-the-art semi-supervised
methods (Xu et al., 2023).

Besides, the sample relation consistency paradigm is proposed in Liu
et al. (2020) for skin lesion diagnosis and thorax disease classification.
The consistency learning (i.e., FixMatch) and VAT are combined for
tasks of breast cancer screening classification and multi-class oph-
thalmic disease classification (Wang et al., 2021). Furthermore, a novel
cyclic prototype consistency learning is proposed for brain tumor and
kidney segmentation. In this approach, label supervision is constructed
for unlabeled data by using the consistency between labeled and unla-
beled data (Xu et al., 2022). By combining consistency regularization
with cluster assumption and active learning, the mutual collaboration
of adaptive pseudo-annotation and information active annotation can
be realized to boost medical image classification tasks (Zhang et al.,
2022). However, all the above regularization methods are just designed
for semi-supervised analysis tasks and do not incorporate the specific
attributes in the medical domain.

Different from these methods, we incorporate medical dom-
ain knowledge in generating perturbed samples for the hybrid
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(a) FixMatch (Acc:78.01%)

(b) FixMatch + VAT (Acc: 78.69%)

(c) DK-HRS (Ours) (Acc: 81.83%)

Fig. 2. T-SNE (Van der Maaten & Hinton, 2008) feature space representation of the classification results of 600 images. The pink and green points represent the malignant and
benign tumors, respectively. (a), (b) and (c) are the results of using FixMatch (using weakly-augmented and strongly-augmented samples), FixMatch+VAT (using weakly-augmented,
strongly-augmented and virtual adversarial samples) and our method (using weakly-augmented, strongly-augmented, virtual adversarial and DK-augmented samples), respectively.

Results show that our method performs better with the help of medical domain knowledge.

regularization-based semi-supervised learning process. Compared with
these methods, incorporating medical domain knowledge can help
our model better learn distinguishing features and achieve superior
performance.

2.2. Incorporating domain knowledge into deep learning for medical image
analysis

Medical domain knowledge depicts the knowledge or experiences
of medical doctors (especially radiologists) that they use during their
daily diagnostic process. Recently, medical domain knowledge has
been widely adopted for many supervised learning tasks and achieves
superior performance, especially on small-scale medical datasets (Kong
et al., 2022; Pham et al., 2022; Wang et al., 2023; Xie, Niu, Liu, Chen
et al., 2021). For example, to mimic the from-easy-to-hard diagnostic
pattern of doctors, a curriculum learning strategy is proposed for the
fracture classification (Jimenez-Sanchez et al., 2019). In addition, to
depict the two specific patterns of radiologists when reading breast
contrast-enhanced ultrasound (CEUS) videos, the domain knowledge
guided temporal attention module and channel attention module are
designed and utilized in Chen et al. (2021).

More recently, domain knowledge is also introduced into the semi-
supervised learning process, in which the generative adversarial net-
work (GAN) and the domain adaptation method are widely used (Li
et al.,, 2020; Yang et al., 2019). For example, eight kinds of domain
features are utilized in the semi-supervised ultrasonography thyroid
nodules classification (Yang et al.,, 2019). Additionally, to leverage
the knowledge from another imaging modality (i.e., MRI), the semi-
supervised domain adaptation approach (Dual-Teacher) is proposed for
cardiac segmentation of CT images (Li et al., 2020).

In this paper, we introduce domain knowledge into the reg-
ularization-based semi-supervised learning method. On the basis of our
previous work (Xie, Niu, Liu, Li et al., 2021), we incorporate domain
knowledge into a hybrid regularization method, with a new representa-
tion of domain knowledge and a different regularization-based learning
strategy. Specifically, the domain knowledge is represented as DK-
augmented samples. These samples are combined with other samples
generated by existing perturbation methods to enforce the network to
learn important features.

2.3. Breast cancer diagnosis

Nowadays, lots of efforts are dedicated to the early detection of
breast cancer by using different computer-aided diagnosis (CAD) mod-
els, and most of the recent studies directly adopt deep learning tech-
niques (Ahmed & Muhammad, 2023; Li et al., 2022; Xu et al., 2019).
For example, a Faster R-CNN based method is adopted to localize
and classify masses from ultrasound images (Shin et al., 2019). In
addition, in Xu et al. (2019), a deep selective attention approach is
proposed to select valuable regions in histopathological images for
breast cancer classification. Furthermore, the dual-path CNN-based

mammogram analysis model is proposed to realize mask segmentation
and classification simultaneously (Li et al., 2022).

Besides using deep models directly, some other methods also incor-
porate different kinds of information to improve the performance of
detecting breast cancer. For example, margin information of tumors is
utilized to let the network focus more on margin areas and achieve
better results (Xie et al., 2022). Additionally, CNN features are gen-
erally fused with handcrafted features computed using conventional
CAD methods (Antropova et al., 2017). Furthermore, using information
of different modalities is also proven to be effective for breast cancer
diagnosis (Samala et al., 2019).

More recently, some researchers focus more on the semi-supervised
breast cancer diagnosis (Xie, Niu, Liu, Li et al., 2021; Zhang et al.,
2020). For example, a method called BIRADS-SSDL integrates clini-
cally approved breast lesion characteristics (BI-RADS features) into the
semi-supervised learning process (Zhang et al., 2020), where the un-
supervised BI-RADS feature map reconstruction and diagnosis-oriented
image classification tasks are learned together in a multi-task learning
framework. Different from the aforementioned methods, we focus on
the regularization-based semi-supervised breast cancer diagnosis. In
addition, domain knowledge is characterized as perturbed samples to
enforce the model to learn the most representative and distinguishing
features.

3. Method

The main structure of our DK-HRS is shown in Fig. 3. We can see
that it mainly consists of two branches: the supervised learning branch
(left) and the unsupervised one (right).

DK-HRS adopts FixMatch, a popular consistency regularization
method, as the backbone, and also integrates two additional modules:
the VAT module (highlighted as yellow), and the domain knowledge-
based contrastive learning (DKCL) module (highlighted as lilac). Ac-
cordingly, four types of perturbed samples are utilized, namely, samples
generated by domain knowledge, by weak and strong augmentation
methods, and by virtual adversarial perturbation. These components
collaborate to enforce the network to learn important features from dif-
ferent kinds of data transformations. It should be noted that ResNet18
is used as the encoder of the model, and followed by a multilayer per-
ceptron (MLP) with one hidden layer to regularize the whole learning
process.

3.1. The overview of DK-HRS

To better describe the learning process of our DK-HRS method,
we first formulate the consistency regularization-based semi-supervised
learning problem. In general, the training dataset mainly consists of the
labeled set D; = {(x;, ) fiLl and the unlabeled set D, = {(xl)}ﬁﬁ,
where x; represents the input image, y; is the one hot ground truth
label for each labeled image x;. Additionally, N; and Ny, are the size of

labeled set and unlabeled set, respectively. In particular, N, is assumed
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Fig. 3. Diagram of our DK-HRS method. It mainly consists of the supervised learning branch (the left part) and the unsupervised one (the right part). Based on the consistency
regularization method FixMatch, the VAT module (highlighted as yellow) and the domain knowledge-based contrastive learning module (highlighted as lilac) are also integrated
to boost the whole training framework. In particular, w(x), s(x), vat(x) and dk(x) are the weakly-augmented, strongly-augmented, virtual adversarial and DK-augmented samples

for the input image x, respectively. Arrows with unequal signs represent the branch where

to be much larger than N;. During the training process, all labeled
and unlabeled images are fed into the network concurrently to enforce
the consistency learning process, and the overall optimization objective
function can be defined as follows:

minL (Dr.6) + AL, (D, Dy.6.6"), @

where L, is the supervised loss for evaluating the difference between
network outputs and the ground truth labels for all labeled data. L,
represents the consistency loss for both labeled and unlabeled data. A
is a fixed scalar hyperparameter that is used to balance these two parts
of losses. 6 is a set of network parameters, and ¢’ is a fixed copy of @
indicting that the gradient is not propagated through ¢’. In particular,
the supervised loss is represented using the cross-entropy loss:

= Y H (e (x:0)).

L x;.yi€DyL

L,= (2)

5
where H (p, q) represents the cross-entropy between distributions p and
q, f () is the classification network.

Besides, the consistency loss L, verifies the consistency between
each input image and its perturbed samples. In particular, there are
four different kinds of perturbed samples in DK-HRS (i.e., weakly-
augmented, strongly-augmented, adversarial and DK-augmented sam-
ples), and the learning process of these perturbed samples are described
in the following sections.

3.2. The backbone of DK-HRS

DK-HRS takes FixMatch as the backbone, in which the supervised
and the unsupervised learning branches are constrained by their corre-
sponding cross-entropy losses, respectively.

Concretely, in the supervised learning branch, all labeled images
are first weakly-augmented (i.e., random horizontal flipping) and then
fed into the network. The supervised cross-entropy loss is calculated
to enforce the model to learn reliable discriminative patterns from
labeled data. For the unsupervised learning branch, each image is
augmented twice by using the weakly-augmented method and the
strongly-augmented one (i.e., RandAugment Cubuk et al., 2019) sep-
arately. During the training process, each weakly-augmented image
is first fed into the network to compute its pseudo-label, then the

the gradient is not back propagated.

label is used to regularize the learning process from the strongly-
augmented one. More specifically, the prediction class distribution of a
weakly-augmented image is first computed as:

4w = f (Filw(x); 0). 3

Then the largest class probability distribution (the maximum output of
model) is defined as the pseudo-label by:

(4u) -

Finally, the pseudo-label is used to enforce the network to learn from
the strongly-augmented image. The cross-entropy loss in this branch is
given by:

4, = arg max

4

Ny

Z 1 (max (q,,) 2 7) H (4 f (5(x,):0))

i=1

1

Ng )

where 1 (-) represents the indicator function, and y is a scalar hyper-
parameter denoting the threshold to obtain the pseudo-label. w(x;) and
s(x;) are the weakly-augmented and strongly-augmented images for the
unlabeled image x;, respectively.

3.3. The VAT module

Besides the weakly and strongly-augmented images, DK-HRS also
incorporates the adversarial samples to enhance its robustness. In gen-
eral, adversarial samples are formed by applying small but intentionally
worst-case perturbations to examples from the dataset (Goodfellow
et al.,, 2014). As an example, VAT (Miyato et al., 2019) adopts the
adversarial samples for semi-supervised learning tasks. Specifically,
the adversarial samples are generated from adversarial and virtual
adversarial perturbations based on the labeled and unlabeled data,
respectively. In this process, the loss function is defined using the
negative measure of the local distribution smoothness (LDS) of the
current model at each input data point, which can be formulated as:

LDS (x;,0) := Dyy [f (Ix;:0") . f (1%, + ryaaei 0)] » (6)
x;€DyUDy
Feaay :=arg max Dy [f (v1x;:0') . f (yIx; +r): 0], @)

riflrlly<e
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where Dy [p, q] is the Kullback-Leibler (KL) divergence from distribu-
tion p to g. Here, as defined in Eq. (1), ¢’ is a fixed copy of  and
the gradient is not propagated through it. Additionally, r 4, denotes
the adversarial perturbation, which can be approximated with a linear
approximation of Dy; with respect to r in Eq. (7), and the norm
constraint £ > 0 represents the adversarial direction.

To incorporate the VAT into the FixMatch backbone, we apply it to
weakly-augmented images from both labeled and unlabeled branches.
In this process, the average of LDS on all training data is used as the
regularization term in VAT and the loss function is defined as:

Lyy= N LDS (w(x;),0) . 8
el Ty XIE[;JDU (w(x;).0) ®)

In this way, VAT can maximize the likelihood of the model while
improving the LDS on each training example. Consequently, the semi-
supervised learning process is robust against adversarial perturbations
and different transformations.

3.4. The DKCL module

In the DKCL module, DK-augmented samples are designed and
utilized to incorporate domain knowledge into the learning process of
unlabeled data. In particular, we first introduce the generation method
of these DK-augmented samples, and then describe how to incorporate
them into the learning process.

The medical domain knowledge utilized when generating DK-
augmented samples is based on the consensus of the BI-RADS (Breast
Imaging Reporting and Data System) (Mendelson et al., 2013). BI-RADS
gives advice to medical doctors about some important sonographic
characteristics of tumors, including shape, margin and posterior fea-
tures, to help them distinguish malignant tumors from benign ones. In
particular, these features are generally closely related to some specific
areas in images, such as the tumor area and its surrounding tissues,
especially the transition areas of the tumor margin. Correspondingly,
we design three kinds of images to represent the domain knowledge:
the Region of Interest (ROI) image that contains tumor areas, the
1.5*ROI image that contains both tumor and its surrounding areas, and
the margin-reinforced image which contains tumor area with reinforced
pixels in margin areas.

As shown in Fig. 4, to generate these three kinds of images, we
first adopt a fully automated segmentation method (Gomez-Flores &
Ruiz-Ortega, 2016) to locate the breast tumor roughly in each image.
It should be noted that no image segmentation annotation is needed
in this process. Then the minimum bounding rectangle and 1.5 times
bounding rectangle are calculated as the ROI area and 1.5*ROI area,
respectively. Finally, pixels in ROI and 1.5*ROI areas are preserved,
while pixels in other areas are set as the mean value of the dataset,
by which the ROI image and the 1.5*ROI image are generated. For
the margin-reinforced image, the tumor contour is first extracted from
the segmentation result and is dilated to obtain a ribbon mask with a
certain width along the contour line. Then, based on the ROI image,
pixels within margin areas are set to twice as before to obtain the
margin-reinforced image. To better combine the above information,
these three images are mixed as the final DK-augmented image by alpha
compositing, where the element-wise convex coefficients in composit-
ing are randomly sampled from Dirichlet distribution as in Hendrycks
et al. (2020).

Inspired by Li et al. (2021), we adopt contrastive learning to help
the model learn more representative features. In general, contrastive
learning typically pulls together the representations of a target image
and its matching (positive) image in embedding space, while pushing
apart the image from many non-matching (negative) ones. As con-
trastive learning requires a higher intensity of data augmentation (Chen
et al., 2020), we define the contrastive prediction task between all DK-
augmented samples with the strongly-augmented ones in each batch.
Concretely, for a batch with N unlabeled images, the total number of
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DK-augmented and strongly-augmented samples is 2N. We define the
DK-augmented and the strongly-augmented samples generated from the
same image as the positive pair, while the DK-augmented sample with
all other strongly-augmented samples as negative pairs. Thus, the loss
function for a positive pair of images is calculated by:

exp (sim (zj.”‘, z%) /1)
T2 g exp (sim (4%, 23) /7)

where sim (1, v) = u” v/ ||u| ||v]| denotes the cosine similarity between
I, normalized u and v. z¢* and z{ are the features extracted from the
DK-augmented sample and strongly-augmented sample, respectively.
Tikzn€ {0, 1} is an indicator function evaluating to 1 if k # i, 7 is a
temperature parameter set as 0.07. The final loss is computed across all
positive pairs from DK-augmented sample to strongly-augmented one

and vice versa. Thus, the final loss in the DKCL module is defined as:

L ©

con — T

N
1
Ly = m; [Leon 2k = 1,2k) + Ly, (2k,2k — 1)] . (10)

3.5. The training framework of DK-HRS

In the whole DK-HRS training framework, the FixMatch, VAT and
DKCL modules are performed concurrently to boost the final perfor-
mance of the model. The detailed structure of the model used in
DK-HRS is shown in Fig. 5, where ResNet18 is employed as the feature
encoder, followed by a 2-layer MLP projection head to project the
representation to the final 2-dimensional output space. Additionally,
the ReLU activation function is adopted in the middle of two MLP layers
to ensure the nonlinearity, and sizes of feature maps are listed near the
corresponding maps.

During the training process, different kinds of perturbed samples
(i.e., weakly-augmented, strongly-augmented, DK-augmented and vir-
tual adversarial samples) are generated and injected into the model
simultaneously. Meanwhile, the learning paths from the FixMatch, VAT
and DKCL modules in return complement each other. The final loss
function of DK-HRS is thus formulated as:

L=L,+ AL, with L, =L, +aL,, + Ly, (€N)

where A, generally set as 1, is a fixed scalar hyperparameter to balance
the losses denoting the relative weight of the consistency loss. « and g
are weighting factors to balance these three kinds of loss terms, and «
is also set to 1.

The weighting factor g is used to depict the effect of DKCL module,
and hence can be regarded as a measure of the degree of incorporated
domain knowledge. One simple approach is to set § to be a fixed value
as in a. However, we find that it is more appropriate to set f as a
ramp-down function.

The rationale behind is an analogy to how a medical doctor gets
improved. In general, a trainee doctor generally relies more on the
medical domain knowledge learned from text-books or other experi-
enced doctors. Eventually, when he gains more and more hands-on
experiences, he develops his own way of judgment and becomes less de-
pendent on medical domain knowledge. Similarly, in the model training
process, we believe a larger weight should be set for f at the beginning
to ensure the model to learn more from medical domain knowledge.
While when the learning process stabilizes, the model should learn
more from unlabeled data without much guidance of medical domain
knowledge. To emphasize the effect of domain knowledge, we apply a
linear ramp-down function to control the value of g, the details will be
elaborated in ablation studies in Section 4.4.



X. Xie et al.

Expert Systems With Applications 243 (2024) 122897

Margin
Extractio

Original Image Segmentation

Extraction

Reinforce-
ment
Margin-reinforced

DK-augmented
Image i

Result — Image

Non-1.5*ROlI
1.5 times Cutout
Bounding

1.5*ROI Image

Fig. 4. Generating process of DK-augmented image.

112x112x64
56x56x64
28x28x128
14x14x256
7x7x512
Input —»
224x224x3
ResNet18 — MLP——

Fig. 5. The model structure used in DK-HRS, where ResNet18 is used as the encoder
and followed by a MLP with one hidden layer.

4. Experiments
4.1. Datasets and experimental setup

Datasets: There are four breast ultrasound datasets used in our
experiments, one is our private dataset BUS2019 and the other three are
the public dataset BUSI (Al-Dhabyani et al., 2020), UDIAT (Yap et al.,
2018) and the 3-class dataset (named as ‘3CUS’ hereinafter) (Rodtook
et al., 2018).

BUS2019: Our BUS2019 dataset consists of 7318 images from 3946
patients. These images are collected from the Cancer Hospital Chinese
Academy of Medical Sciences from 2017 to 2019. In particular, 3596
images from 2039 patients are with benign tumors, while 3722 images
from 1907 patients are with malignant ones. These images are collected
from ultrasound systems with different vendors including PHILIPS,
SIEMENS, HITACHI and so on. In addition, all images presented at least
one tumor, and the benign or malignant label for each image is proved
histopathology by biopsy.

The BUS2019 dataset is randomly divided into the training, valida-
tion and test sets according to the ratio 6:2:2. In detail, the training
set consists of 4390 images (2158 benign images and 2232 malignant
ones), while the validation set and test set are composed of 1464
images (719 benign images and 745 malignant ones), respectively. In
the training set, different percentages of images are randomly selected
as labeled ones, and the rest are treated as unlabeled ones. Note that
images from the same patient are selected concurrently into the same
set. In addition, all images for a certain patient are treated either as
labeled or as unlabeled data in the training set.

BUSI: The public available dataset BUSI (Al-Dhabyani et al., 2020)
is collected from Baheya Hospital in 2018, which contains 780 images
from 600 patients (437 benign, 210 malignant and 133 normal). All

images in BUSI are obtained from LOGIQ E9 and LOGIQ E9 Agile
ultrasound systems, and the image resolution is 1280 x 1024. As
the domain knowledge only focuses on benign and malignant images,
normal images are not used in our experiments. In addition, as the
ratio of benign and malignant images in BUSI is 2:1, we adopt data
augmentation (i.e., rotating 10 degrees) on all malignant images to
construct a balanced dataset. Meanwhile, 5-fold cross-validation is
adopted to reduce the over-fitting problem on this dataset.

UDIAT: The UDIAT (Yap et al., 2018) dataset is collected in 2012
from the UDIAT Diagnostic Centre of the Parc Tauli Corporation,
Sabadell (Spain). Obtained from a Siemens ACUSON Sequoia C512 sys-
tem, the dataset mainly consists of 163 images from different women,
in which 53 images are with cancerous masses and 110 are with benign
lesions. The mean image size is 760 x 570 pixels, and each image
presented one or more lesions. Similar to the BUSI dataset, the ratio
of benign and malignant images in UDIAT is also about 2:1, we adopt
data augmentation (i.e., left-to-right flipping) on all malignant images.
Meanwhile, 5-fold cross-validation is also adopted on this dataset.

3CUS: Collected from the Department of Radiology of Thammasat
Hospital University in Thailand, the dataset includes different types of
ultrasound images (Rodtook et al., 2018). To test the performance of
our method in multi-classification task, we selected 141 images with
malignant tumors, 22 images with cysts, and 20 images with fibroade-
nomas from the dataset. The images are all obtained by using a Philips
iU22 ultrasound machine, and the mean image size is 643 x 787. Due
to the disparity in data number among these three categories, we adopt
some data augmentation methods (i.e., left-to-right flipping, randomly
rotating and randomly changing contrast) on all cyst and fibroadenoma
images. Then, 5-fold cross-validation is performed on this dataset.

Evaluation metrics: We adopt five metrics to evaluate the per-
formance of all experiments, including the Area Under Curve (AUQC),
accuracy, sensitivity, specificity and F1-score. It should be noted that
for each metric, we compute the mean + std over 5 trials.

Implementation details: To preserve the aspect ratio of the tumor
in each image, all images are first scaled to make the short edge to 224
and then center-cropped to 224 x 224. For data augmentation, random
horizontal flipping and the RandAugment method are used as the weak
and strong augmentations, respectively. We train the whole method for
50 epochs, in which the batch sizes of labeled images and unlabeled im-
ages are set to 8 and 240, respectively. In addition, linear learning rate
warm-up is adopted for the first 2 epochs until it reaches to the initial
value of 0.0046875 (0.3 x BatchSize/512). Then the learning rate is
decayed by multiplying 0.1 at 15, 30 and 45 epochs, respectively. We
use the SGD optimizer with Nesterov momentum hyperparameter set
as 0.9, and the weight decay is set as 5e—4. Moreover, the exponential
moving average (EMA) technique is utilized with a decay 0.999 for all
experiments. The confidence threshold y is set as 0.9 and « is set as 30.
All experiments are implemented with PyTorch library, and trained on
one GPU of NVIDIA Tesla V100-PCIE-16 GB. Our code can be accessed
at https://github.com/xxzcs/DK_HRS.
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Quantitative evaluation of our method under different percentages of labeled data.

Method Percentage Metrics (%)
L UL AUC Accuracy Sensitivity Specificity F1
Upper Bound 100% 0 87.46 + 0.17 81.41 + 0.30 83.06 + 1.03 79.69 + 1.29 81.97 + 0.29
Baseline 15% 0 79.34 + 0.48 73.39 + 0.17 76.56 + 1.03 70.10 + 1.39 74.54 + 1.57
DK-HRS (ours) 15% 85% 87.46 + 0.79 80.03 + 1.33 78.34 + 4.07 81.78 + 1.61 79.91 + 1.89
Baseline 20% 0 80.59 + 1.00 74.74 + 0.68 75.46 + 1.69 73.99 + 0.99 75.24 + 0.88
DK-HRS (ours) 20% 80% 88.24 + 0.42 81.49 + 0.47 80.40 + 2.01 82.61 + 2.09 81.54 + 0.59
Baseline 25% 0 81.36 + 0.31 74.90 + 0.46 76.16 + 0.96 73.60 + 1.68 75.54 + 0.29
DK-HRS (ours) 25% 75% 88.51 + 0.27 81.98 + 0.45 82.79 + 1.13 81.14 + 1.54 82.38 + 0.40
Baseline 30% 0 83.11 + 0.50 75.92 + 0.58 76.30 + 0.68 75.52 + 1.18 76.33 + 0.50
DK-HRS (ours) 30% 70% 89.33 + 0.24 82.36 + 0.59 84.48 + 1.42 80.17 + 1.62 82.98 + 0.59
N0r 4.3. Comparison with other semi-supervised methods
BBi/././. We also compare the performance of our DK-HRS method with
some state-of-the-art semi-supervised learning methods. The compar-
86 [ ison methods mainly include (1) some general semi-supervised meth-
o ods: Mean Teacher (Tarvainen & Valpola, 2017), VAT (Miyato et al.,
D84r 2019), MixMatch (Berthelot et al., 2019), FixMatch (Sohn et al., 2020),
< UDA (Xie et al., 2020); and (2) three kinds of regularization based
82 semi-supervised methods specifically designed for medical area: SRC-
MT (Liu et al., 2020), the method proposed by Wang et al. (2021)
80 and DK-Consistency (Xie, Niu, Liu, Li et al., 2021). In particular, built
Baseline upon the Mean Teacher framework, SRC-MT further considers the con-
—- DK-HRS . . .
78 ‘ sistency between the relationship among samples. The method of Wang
15% 20% 25% 30% et al. only combines FixMatch and VAT without introducing other

Proportion of Labeled Images

Fig. 6. The AUC values under different percentages of labeled images.

4.2. Effectiveness of DK-HRS

To prove the effectiveness of our DK-HRS method, we conduct
experiments on different percentages of labeled images (i.e., 15%, 20%,
25% and 30%) on our BUS2019 dataset. We report the performance of
all baselines (trained only with the corresponding labeled data) along
with our DK-HRS method in Table 1. Note that the ‘Upper Bound’
represents the results trained using all images in the training set as
labeled data and without introducing any information.

As we can see from Table 1, DK-HRS significantly improves the
diagnostic performance of baseline methods under all percentages of
labeled data settings. For example, when compared with the baseline
method, the average of AUC is improved by 8.12%, 7.65%, 7.15%
and 6.22% in 15%, 20%, 25% and 30% of labeled data settings, re-
spectively. Meanwhile, the average of accuracy is improved by 6.64%,
6.75%, 7.08% and 6.44%, respectively in the four conditions. More-
over, DK-HRS trained with only 20% of labeled images achieves com-
parable or even better performance in some metrics compared with
the Upper Bound method. In particular, it achieves higher AUC and
specificity when compared with the Upper Bound method, and the
improvements are 0.78% and 2.92%, respectively. Moreover, when
using 30% of labeled images, DK-HRS achieves better performance on
all metrics over the Upper Bound method, and the average of AUC and
accuracy are 89.33% and 82.36%, respectively.

To better illustrate the performance of our DK-HRS method over
the corresponding baseline method, we compare the AUC at different
percentages of labeled data settings in Fig. 6. We can see the superior
performance of DK-HRS over the baseline method at all proportions of
labeled images. In addition, the performance improvements decrease
with the increase of labeled data.

information. DK-Consistency incorporates domain knowledge into the
UDA model for breast cancer diagnosis. During the training process, the
same network structure (i.e., ResNet18) and training protocol (i.e., data
processing, training epochs, optimizer and learning rate schedule) as
our method are adopted for all comparison methods. The experiments
are performed on 20% of labeled data setting, and the results are listed
in Table 2, where the best performance in each metric is shown in bold.
In particular, the computation speed on the test set of each method is
also evaluated by using the metric of FPS (frames per second).

We can see that DK-HRS substantially outperforms all other semi-
supervised methods on almost all metrics. In particular, DK-HRS shows
the highest average of AUC (88.24%), accuracy (81.49%), specificity
(82.61%) and F1 (81.54%), and has 3.04%, 2.61%, 5.38% and 2.03%
improvements when compared with the suboptimal method (DK-
Consistency). In terms of sensitivity, DK-HRS also achieves a com-
parable performance compared with the best performance (80.40%
and 81.21% on average). Moreover, we can also find that our DK-
HRS method achieves comparable FPS with other methods. The phe-
nomenon also proves that incorporating domain knowledge can im-
prove performance with almost no additional model parameters. Over-
all speaking, DK-HRS can boost the performance on almost all metrics,
and is prone to improve more on specificity than sensitivity. To clearly
illustrate the comparison results, we show the AUC of these methods in
Fig. 7 by error bars. We can see that on average, DK-HRS has the best
performance among all comparison methods.

4.4. Ablation studies

To tease apart the importance of different components and hyper-
parameters of DK-HRS, we design a set of ablation studies. Unless
specified, all experiments are conducted under 20% of labeled data
setting.

(1) Effectiveness of different modules.

To prove the effectiveness of different components in DK-HRS
(i.e., FixMatch, VAT and DKCL), we analyze the performance of using
each module alone and with different combinations of these three
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Table 2
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Comparison with other semi-supervised learning methods under 20% of labeled data setting.

Method Percentage Metrics (%)
L UL AUC Accuracy Sensitivity Specificity F1 FPS

Baseline 20% 0 80.59 74.74 75.46 73.99 75.24 440

+1.00 +0.68 +1.69 +0.99 +0.88 +24
VAT 20% 80% 81.60 75.67 74.60 76.77 75.72 401
(Miyato et al., 2019) +0.55 +0.39 +1.85 +1.72 +0.63 +12
MeanTeacher 20% 80% 83.33 76.83 79.28 74.30 77.69 391
(Tarvainen & Valpola, +0.44 +0.63 +0.39 +0.98 +0.55 +16
2017)
UDA 20% 80% 83.30 76.75 79.65 73.74 77.71 303
(Xie et al., 2020) +0.76 +1.12 +1.62 +1.45 +1.12 +4
MixMatch 20% 80% 84.46 77.73 81.21 74.13 78.77 432
(Berthelot et al., 2019) +0.34 +0.55 +1.35 +1.71 +0.52 +17
FixMatch 20% 80% 84.58 78.46 76.17 80.83 78.26 435
(Sohn et al., 2020) +0.51 +0.58 +0.76 +1.21 +0.54 +13
SRC-MT 20% 80% 84.58 77.18 73.77 80.72 76.69 397
(Liu et al., 2020) +0.90 +0.51 +2.04 +2.20 +0.69 +6
Wang et al. (2021) 20% 80% 84.95 78.95 77.54 80.40 78.94 414

+0.19 +0.39 +1.29 +1.73 +0.36 +13
DK-Consistency 20% 80% 85.20 78.88 80.49 77.23 79.51 341
(Xie, Niu, Liu, Li et al., +0.53 +0.45 +1.19 +1.66 +0.39 +45
2021)
DK-HRS (ours) 20% 80% 88.24 81.49 80.40 82.61 81.54 400

+0.42 +0.47 +2.01 +2.09 +0.59 +12
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Fig. 7. AUC error bars of different methods.

modules. The quantitative results are listed in Table 3, and the best
performance is shown in bold. We can clearly see that the best per-
formance is achieved by combining all three modules simultaneously,
which proves the superiority of our DK-HRS method. When using
these three modules separately, DKCL achieves the best performance in
most metrics when compared with FixMatch and VAT, and FixMatch
performs better than VAT. This phenomenon shows the advantage
of incorporating domain knowledge into the semi-supervised learning
framework. In addition, the method incorporating domain knowledge
into the regularization-based structure (combining FixMatch and DKCL)
achieves better performance than the one only combining two kinds
of regularization methods (i.e., FixMatch and VAT). The results also
demonstrate the effectiveness of adopting domain knowledge rather
than only using general regularization methods.

(2) The effectiveness of using different kinds of DK-augmented
images.

In this section, we further analyze the diagnostic performance of
incorporating different kinds of DK-augmented images. As mentioned
in Section 3.4, the tumor area, tumor and its surrounding areas, and
tumor margin areas are important for the diagnostic process. We design
different kinds of DK-images to represent these areas and test them

instead of the original DK-augmented images. Specifically, to depict the
tumor area, the ROI image is selected. Some images with expanded ROI
areas, i.e., the 1.5*ROI, 2*ROI, 2.5*ROI and 3*ROI images are used
to incorporate the tumor and its surrounding areas. Additionally, to
highlight the margin areas of tumor, the margin-alone image (only the
pixels in margin areas are preserved, and the other pixels are set as the
mean value of the dataset), margin-reinforced image (i.e., pixels within
margin areas are set to twice as before) and margin-reinforced3 image
(i.e., pixels within margin areas are set to three times as before) are
designed. The quantitative results of these different conditions along
with our method are listed in Table 4.

From Table 4, we can find that compared with the baseline method,
the methods using these different kinds of DK images all perform well
and improve the diagnostic performance in different extents. In par-
ticular, in all conditions of representing the tumor and its surrounding
areas (i.e., 1.5*ROI, 2*ROI, 2.5*ROI and 3*ROI images), 1.5*ROI image
performs best in almost all metrics. The reason can be attributed to
that even with more tumor-surrounding information, larger ROI areas
may include some disturbing information. Additionally, among all con-
ditions of highlighting the margin areas of tumors, the method that uses
margin-reinforced image achieves the best performance, outperforms
the margin-alone and margin-reinforced3 images. The phenomenon
shows that margin areas in each image need to be weighted appropri-
ately, too little or too much retention of margin areas in the image may
lead to information restriction or information loss. Consequently, these
three DK images (i.e., the ROI, 1.5*ROI and margin-reinforced images)
are chosen as the representations of domain knowledge in our method.

Based on the above results, some images that highlight all these
important tumor areas are also designed and tested as the final DK-
augmented images. In particular, as a straightforward representation,
1.5*ROI margin-reinforced images are first selected. Then, two kinds
of fusion methods are also designed to combine the information from
these three kinds of images, the DK-equal images (combine three kinds
of images with equal weight) and our DK-augmented images (mix them
up using random weights). The performance of these conditions is also
listed in Table 4.

We can find that when compared with the other two conditions,
our method achieves better performance with a relatively small stan-
dard deviation. We believe the reason behind this is that mixing-
up operation generally combines the context and texture information
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Table 3

Performance of using different components in DK-HRS under 20% of labeled data setting.
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Method Metrics (%)
FixMatch VAT DKCL AUC Accuracy Sensitivity Specificity F1
4 84.58 + 0.51 78.46 + 0.58 76.17 + 0.76 80.83 + 1.21 78.26 + 0.54
v 81.60 + 0.55 75.67 + 0.39 74.60 + 1.85 76.77 + 1.72 75.72 + 0.63
v 86.58 + 0.65 80.10 + 0.25 84.21 + 1.16 75.83 + 1.12 81.15 + 0.34
v v 84.95 + 0.19 78.95 + 0.39 77.54 + 1.29 80.40 + 1.73 78.94 + 0.36
v v 86.06 + 0.67 79.43 + 0.80 77.34 + 1.70 81.59 + 2.19 79.28 + 0.78
4 v v 88.24 + 0.42 81.49 + 0.47 80.40 + 2.01 82.61 + 2.09 81.54 + 0.59
Table 4
The performance of using different kinds of DK-augmented samples.
DK-IMG Metrics (%)
AUC Accuracy Sensitivity Specificity F1

Baseline 80.59 + 1.00 74.74 + 0.68 75.46 + 1.69 73.99 + 0.99 75.24 + 0.88
ROI image 87.47 + 0.37 80.33 + 0.30 78.31 + 2.53 82.42 + 2.06 80.19 + 0.74
1.5 * ROI image 88.14 + 0.72 81.69 + 1.18 79.95 + 4.24 83.50 + 2.26 81.58 + 1.75
2 % ROI image 87.58 + 0.38 81.13 + 0.23 79.22 + 1.50 83.12 + 1.75 81.03 + 0.30
2.5 x ROI image 87.45 + 0.45 80.44 + 0.69 76.56 + 3.04 84.45 + 2.01 79.90 + 1.19
3 x ROI image 87.14 + 0.23 79.99 + 0.54 74.07 + 1.65 86.12 + 1.22 79.01 + 0.76
Margin-reinforced image 87.19 + 0.61 79.81 + 0.76 75.11 + 1.67 84.67 + 0.91 79.10 + 0.95
Margin-alone image 86.86 + 0.43 78.35 + 0.71 71.06 + 3.07 85.90 + 1.95 76.93 + 1.30
Margin-reinforced3 image 84.48 + 0.57 77.43 + 1.38 71.68 + 3.23 83.39 + 0.98 76.34 + 1.91
1.5 = ROI margin-reinforced image 87.59 + 0.50 80.61 + 0.75 76.89 + 3.24 84.48 + 1.95 80.11 + 1.30
DK-equal image 88.19 + 0.56 81.03 + 0.57 80.20 + 2.27 82.48 + 2.16 81.08 + 0.73
DK-augmented image (ours) 88.24 + 0.42 81.49 + 0.47 80.40 + 2.01 82.61 + 2.09 81.54 + 0.59
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Fig. 8. Different ramp down functions of parameter f.

from different images by different proportions, which can promote the
learning of distinguishing features and improve the robustness of the
model. Additionally, when compared with the method of using 1.5*ROI
margin-reinforced image, our method also shows better performance on
almost all metrics. In particular, the former method is prone to improve
specificity rather than sensitivity, while our method improves both of
these two metrics simultaneously. The above results also demonstrate
the effectiveness of designing and mixing up of these three kinds of DK
images.

(3) The impact of loss weight $.

As mentioned in Section 3.5, it is more appropriate to set f as a
ramp-down function. We test # on three kinds of ramp-down functions:
the linear ramp down, sigmoid ramp down and cosine ramp down.
Meanwhile, we also test the performance on a fixed value (f = 1).
Fig. 8 shows the curves of these different weight functions, and the
quantitative results of these different conditions are listed in Table 5.

We can see from Table 5 that all methods using ramp-down func-
tions achieve higher AUC when compared with the one using constant
weight 1. In addition, the linear ramp-down method performs best
among all these three ramp-down conditions, which has the highest
AUG, accuracy, specificity and F1, and achieves comparable sensitivity

value compared with the highest one (80.40% vs. 80.43%). Besides, the
method using linear ramp-down also has smaller standard deviations on
most metrics.

(4) The training manner of DKCL module.

In DKCL, contrastive learning is carried out between all DK-
augmented samples and strongly-augmented ones. It is interesting to
know whether using weakly-augmented samples instead of strongly-
augmented ones can achieve better results. To answer this question,
we compare the performance of these two different conditions, and the
results are shown in Table 6. We can find that using strongly augmented
samples is more effective. The reason is that using strongly-augmented
samples can force the model to learn the most distinguishing domain
features from strong transformations, by which the model performs
better learning ability.

(5) Influence of Parameter ¢.

Parameter ¢ is adopted to compute the adversarial direction for each
input image in the VAT module. To investigate the impact of using
different values of ¢ on the final performance of DK-HRS, we conduct
ablation studies by taking the value increments of 5 in the range of
[5,50]. It should be noted that other settings remain unchanged in the
training process. The average of AUC and accuracy on these different
conditions are shown in Fig. 9. We can see that a better average of AUC
is achieved when ¢ is set as 15 (88.31%) and 30 (88.24%). In addition,
when we also consider the accuracy, € = 30 has a higher accuracy than
e =15 (81.49% vs. 81.26%). Thus we choose ¢ = 30 as it performs well
on both metrics.

4.5. Performance on public datasets

We also evaluate the performance of our DK-HRS on three pub-
lic breast ultrasound datasets, the BUSI (Al-Dhabyani et al., 2020),
UDIAT (Yap et al., 2018), and 3CUS (Rodtook et al., 2018). The detailed
experimental results on these three public datasets are as follows.

(1) Performance on public dataset BUSI

Firstly, we evaluate the performance of our DK-HRS method on the
public dataset BUSI (Al-Dhabyani et al., 2020). During the training
process, the same image pre-processing method used in our dataset is
also applied to BUSI. The batch sizes of labeled and unlabeled data are
set as 4 and 120, respectively, and the initial learning rate is set as
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Table 5
The influence of g for the final performance.

DK-HRS (p) Percentage Metrics (%)

L UL AUC Accuracy Sensitivity Specificity F1

Baseline 20% 0 80.59 + 1.00 74.74 + 0.68 75.46 + 1.69 73.99 + 0.99 75.24 + 0.88
1 20% 80% 87.43 + 0.94 81.09 + 0.92 79.75 + 3.24 82.48 + 1.95 81.07 + 1.35
Sigmoid ramp down 20% 80% 87.88 + 0.43 81.00 + 0.80 80.43 + 2.92 81.59 + 1.83 81.14 + 1.15
Cosine ramp down 20% 80% 88.07 + 0.52 81.05 + 0.99 79.87 + 3.34 82.28 + 1.86 81.06 + 1.45
Linear ramp down 20% 80% 88.24 + 0.42 81.49 + 0.47 80.40 + 2.01 82.61 + 2.09 81.54 + 0.59

Table 6
The influence of different training manner used in DKCL.
Metrics Method
Weakly-augmented sample Strongly-augmented sample
AUC 86.77 + 0.37 88.24 + 0.42
Accuracy 80.49 + 0.81 81.49 + 0.47
Sensitivity 78.30 + 2.45 80.40 + 2.01
Specificity 82.77 + 1.45 82.61 + 2.09
F1 80.32 + 1.09 81.54 + 0.59
AUC —e—AcC of Wang et al. which can improve the sensitivity and specificity simulta-
90 neously. The phenomenon also demonstrates that incorporating domain
e B0 BN g 8824 gy77 8795 8815 ssoa knowledge into the semi-supervised learning process can greatly boost
& 8688 diagnostic performance than combining with two regularization-based
g & methods.
£ (2) Performance on public dataset UDIAT
~§ 84 We also evaluate the performance of our DK-HRS method on the
E o 8141 | 8126 8149 | 8142 8164 8L75 public dataset UDIAT. During the training process, the batch sizes of
e 80.71 2005 | 7952 80,27 labeled and unlabeled images are 4 and 80, respectively, and the initial
S w0 . learning rate is set as 0.003. All other settings are set as the same
as that in the BUS2019 dataset. In particular, EMA technique is not
78 used in the training process. The Quantitative results of our method
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Fig. 9. The influence of ¢ on the performance of AUC and accuracy.

0.003. In particular, the EMA technique is not utilized for the training
process, and all other parameters are set as the same as that in our
BUS2019 dataset. Table 7 lists the quantitative results on BUSI, where
the performance of the baseline method and our DK-HRS method on
different percentages of labeled data settings are presented.

Additionally, to demonstrate the effectiveness of incorporating do-
main knowledge, we also show the performance comparison with the
method proposed by Wang et al. (2021) and DK-Consistency (Xie,
Niu, Liu, Li et al., 2021). Each value in the table represents the mean
+ std result of three times of 5-fold cross-validation, and the best
performance in each metric is also shown in bold under different
labeled data settings.

From Table 7, we can see that DK-HRS shows better performance
in most metrics (i.e., AUC, accuracy, sensitivity and F1) when com-
pared with the corresponding baseline method and other comparison
methods. For example, DK-HRS achieves the average AUC of 83.41%,
85.58% and 85.97% in 10%, 20% and 30% of labeled data settings,
respectively. The performance is improved by 4.91%, 1.85% and 1.65%
when compared with the corresponding baseline method, and improved
by 1.29%, 1.57% and 1.18% when compared with the suboptimal
method DK-Consistency. Similar to the performance on our dataset, the
improvements on BUSI also show a trend of decline as the proportion
of labeled data increases.

Besides, we can see that the method proposed by Wang et al.
achieves the highest specificity at the cost of the lowest sensitivity. In
contrast, our DK-HRS method along with the DK-Consistency method
(both incorporating the information of domain knowledge) show better
performance than the corresponding baseline method and the method
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and some comparison methods on public dataset UDIAT are listed in
Table 8, where the performance on different percentages of labeled data
settings are presented (i.e., 10%, 20% and 30%). Each value in the
table represents the mean =+ std result of three times of 5-fold cross-
validation, and the best performance in each metric is also shown in
bold under different labeled data settings.

From Table 8, we can find that DK-HRS also shows better per-
formance in UDIAT when compared with the baseline method and
the other two comparison methods, especially in AUC and accuracy
metrics. More specifically, DK-HRS obtains the average AUC of 55.92%,
60.65% and 61.71%, and the average accuracy of 62.01%, 64.25%
and 65.33% in 10%, 20% and 30% labeled data settings, respectively.
Under different labeled data settings, the AUC of DK-HRS is improved
by 2.63%, 6.69% and 7.02% when compared with the corresponding
baseline methods, and improved by 0.11%, 2.56% and 0.89% when
compared with the suboptimal method DK-Consistency.

Additionally, in terms of sensitivity and specificity, the method of
Wang et al. achieves the highest specificity but with the lowest sensi-
tivity in different labeled data settings, while DK-Consistency achieves
the highest sensitivity at the cost of reduced specificity. In contrast, our
DK-HRS method can improve the diagnostic performance in both these
two metrics in most conditions, and the improvements in specificity are
also higher than that in sensitivity. This phenomenon also demonstrates
the effectiveness of our DK-HRS method even in especially small-sized
UDIAT dataset.

(3) Performance on the 3-class diagnostic task

Finally, we also verify the performance of our DK-HRS method on a
3-class diagnostic dataset 3CUS. In the training process, the batch sizes
of labeled data and unlabeled data are 4 and 120, respectively, and
the initial learning rate is set as 0.003. Similar to the BUSI and UDIAT,
EMA is also not utilized in the training process of 3CUS. Additionally,
all other parameters are set as the same as that in our BUS2019 dataset.
In particular, all metrics are computed by using the macro-average
manner for different categories.
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Table 7
Quantitative evaluation on the public dataset BUSI.
Method Percentage Metrics (%)
L UL AUC Accuracy Sensitivity Specificity F1
Upper Bound 100% 0 92.29 + 1.70 86.92 + 1.90 79.37 + 4.97 90.55 + 2.43 79.72 + 3.11
Baseline 10% 0 78.50 + 2.34 74.18 + 2.62 66.98 + 7.11 77.61 + 6.11 62.68 + 2.73
Wang et al. (2021) 10% 90% 78.47 + 5.54 77.57 + 2.68 55.65 + 4.11 88.12 + 4.65 61.78 + 3.26
DK-Consistency (Xie, Niu, 10% 90% 82.12 + 2.86 78.83 + 2.76 66.19 + 5.97 84.89 + 3.74 66.95 + 4.54
Liu, Li et al., 2021)
DK-HRS (ours) 10% 90% 83.41 + 3.38 79.02 + 2.52 69.22 + 7.93 83.74 + 3.54 67.82 + 3.65
Baseline 20% 0 83.82 + 4.18 78.98 + 2.63 70.00 + 5.75 83.30 + 3.36 68.34 + 3.87
Wang et al. (2021) 20% 80% 83.39 + 3.92 79.65 + 4.23 63.10 + 3.24 87.63 + 6.97 67.15 + 4.44
DK-Consistency (Xie, Niu, 20% 80% 84.10 + 3.67 80.23 + 3.32 69.05 + 3.98 85.61 + 4.38 69.49 + 4.33
Liu, Li et al., 2021)
DK-HRS (ours) 20% 80% 85.58 + 3.36 81.34 + 3.03 73.05 + 6.99 84.05 + 6.79 70.98 + 3.16
Baseline 30% 0 84.32 + 2.83 79.55 + 3.26 71.27 + 4.80 83.53 + 4.89 69.43 + 4.06
Wang et al. (2021) 30% 70% 84.07 + 2.28 80.47 + 2.18 61.90 + 3.95 89.42 + 4.37 67.37 + 2.31
DK-Consistency (Xie, Niu, 30% 70% 84.79 + 2.63 81.10 = 2.70 69.52 + 4.93 86.65 + 4.78 70.53 + 3.34
Liu, Li et al., 2021)
DK-HRS (ours) 30% 70% 85.97 + 2.23 81.98 + 2.06 73.43 + 4.60 84.96 + 4.61 71.78 + 3.31
Table 8
Quantitative evaluation on the public dataset UDIAT.
Method Percentage Metrics (%)
L UL AUC Accuracy Sensitivity Specificity F1
Upper Bound 100% 0 77.54 + 7.65 75.31 + 5.99 62.08 + 10.17 81.84 + 6.80 62.44 + 8.80
Baseline 10% 0 53.29 + 12.57 57.11 + 9.01 28.69 + 13.87 71.21 + 10.20 30.38 + 12.76
Wang et al. (2021) 10% 90% 55.34 + 12.93 61.27 + 10.14 23.67 + 20.65 79.87 + 16.87 25.53 + 18.40
DK-Consistency (Xie, Niu, 10% 90% 55.81 + 5.62 61.62 + 5.20 47.33 + 13.56 68.61 + 12.70 44.29 + 5.83
Liu, Li et al., 2021)
DK-HRS (ours) 10% 90% 55.92 + 14.44 62.01 + 10.90 42.09 + 18.04 76.31 + 18.08 44.03 + 17.24
Baseline 20% 0 53.96 + 7.00 60.05 + 4.91 41.26 + 13.81 69.42 + 8.28 39.73 + 9.75
Wang et al. (2021) 20% 80% 57.29 + 9.73 64.05 + 7.82 26.59 + 16.98 82.74 + 15.06 30.18 + 15.83
DK-Consistency (Xie, Niu, 20% 80% 58.09 + 13.58 61.02 + 10.05 48.60 + 16.37 67.25 + 12.07 44.97 + 12.57
Liu, Li et al., 2021)
DK-HRS (ours) 20% 80% 60.65 + 7.56 64.25 + 5.97 46.08 + 13.19 78.21 + 10.21 44.61 + 8.99
Baseline 30% 0 54.69 + 6.88 60.58 + 4.86 44.26 + 18.97 67.23 + 11.78 40.18 + 12.35
Wang et al. (2021) 30% 70% 59.30 + 9.72 63.47 + 4.94 31.21 + 27.66 79.38 + 19.29 30.47 + 15.85
DK-Consistency (Xie, Niu, 30% 70% 60.82 + 11.49 62.89 + 9.36 53.88 + 12.32 67.36 + 13.02 49.13 + 9.27
Liu, Li et al., 2021)
DK-HRS (ours) 30% 70% 61.71 + 8.03 65.33 + 5.25 47.91 + 16.15 74.85 + 11.25 48.42 + 11.23
Table 9
Quantitative evaluation on the 3CUS dataset.
Method Percentage Metrics (%)
L UL AUC Accuracy Sensitivity Specificity F1
Upper Bound 100% 0 78.18 + 6.95 77.78 + 5.51 56.01 + 9.74 80.89 + 4.33 55.32 + 10.27
Baseline 10% 0 60.65 + 10.11 62.95 + 11.23 41.95 + 11.90 72.20 + 5.65 39.40 + 11.05
Wang et al. (2021) 10% 90% 62.75 + 9.44 62.38 + 5.65 40.15 + 10.50 70.78 + 5.06 40.20 + 13.21
DK-Consistency (Xie, Niu, 10% 90% 68.46 + 8.95 63.93 + 5.88 49.07 + 8.26 76.36 + 3.68 45.55 + 6.22
Liu, Li et al., 2021)
DK-HRS (ours) 10% 90% 69.73 + 10.36 69.17 + 7.27 48.55 + 9.59 76.57 + 3.58 45.62 + 7.64
Baseline 20% 0 66.70 + 10.54 71.86 + 9.35 49.71 + 10.28 77.08 + 5.18 47.05 + 11.78
Wang et al. (2021) 20% 80% 70.10 + 8.45 71.39 + 7.28 45.02 + 10.39 74.19 + 6.44 42,94 + 11.13
DK-Consistency (Xie, Niu, 20% 80% 72.08 + 9.48 71.47 + 6.10 54.39 + 11.19 79.02 + 6.45 50.80 + 10.28
Liu, Li et al., 2021)
DK-HRS (ours) 20% 80% 73.07 + 5.39 72.63 + 5.03 52.03 + 13.63 79.13 + 5.01 50.75 + 11.45
Baseline 30% 0 68.80 + 10.16 73.37 + 7.47 46.88 + 8.12 76.10 + 5.93 48.65 + 10.16
Wang et al. (2021) 30% 70% 71.28 + 10.48 73.30 + 7.16 46.28 + 8.37 75.96 + 6.16 46.36 + 9.07
DK-Consistency (Xie, Niu, 30% 70% 73.13 + 8.40 71.93 + 6.31 55.11 + 12.19 78.99 + 5.95 52.78 + 10.78
Liu, Li et al., 2021)
DK-HRS (ours) 30% 70% 74.02 + 5.73 73.85 + 5.35 53.43 + 13.76 79.41 + 5.74 52.60 + 12.32

The Quantitative results on the dataset 3CUS are listed in Table 9,
where each value in the table represents the mean + std result of
three times of 5-fold cross-validation, and the best performance in each
metric is also shown in bold under different labeled data settings.

We can see that from Table 9, DK-HRS shows better performance

in most metrics on 3CUS dataset. For example, DK-HRS achieves the

11

mean AUC of 69.73%, 73.07% and 74.02% in 10%, 20% and 30%
labeled data settings, which is improved by 9.08%, 6.37% and 5.22%
when compared with the corresponding baseline method, respectively.
Meanwhile, DK-HRS also achieves the best accuracy among all these
methods, the mean value is 69.17%, 72.63% and 73.85% in these three
labeled data settings, respectively.
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Besides, in terms of the sensitivity, specificity and F1 metrics, DK-
HRS still performs comparable or better performance when compared
with DK-Consistency, and has a big improvement over the correspond-
ing baseline method and Wang’s method. In particular, when compared
with the method proposed by Wang et al. that only combining VAT with
FixMatch, DK-HRS performs better in all metrics. The phenomenon
also proves that incorporating domain knowledge is useful for the
multi-class diagnostic task.

5. Conclusion and discussion

In this paper, we propose DK-HRS, a simple yet effective method to
incorporate medical domain knowledge into the regularization strategy
for semi-supervised breast cancer diagnosis. In DK-HRS, different kinds
of perturbed samples are explored and adopted to boost the final
performance. Extensive experiments on four datasets manifest that by
incorporating domain knowledge, DK-HRS shows superior performance
in comparison to some state-of-the-art methods.

There are a few interesting directions to explore in the future.
Firstly, our current model is mainly tested on binary classification
tasks (i.e., distinguishing benign lesions from malignant ones). Even if
validated on a 3-class diagnostic task, the dataset is small-scale and
unbalanced in categories. In the future, we will extend our work to
more classification tasks on large-scale multi-class datasets. For these
tasks, new kinds of domain knowledge may be required to generate
DK-augmented images, and new incorporating approaches might also
be designed to further improve the performance. Meanwhile, we will
try to extend our approach of using DK-augmented images on more
datasets of different kinds of diseases.
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