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Figure 1. Overview of the data acquisition.

Ultrasound (US) is the mainstay of di erential diagnosis between benign and malignant breast masses and has
traditionally been used in diagnostic settings with renewed interest of its use in sceedtingg?. Despite

such wide applicability, breast US has intrinsic limitations, including interobserver variability in diagnostic
performance that is 0 en worse among non-experis interobserver variability contributes to a high rate of
false-positives, causing unnecessary biopsies and surgeries. With expectations to overcome these limitation:
there has been a growing interest in the application of deep learning (DL) technology for braghtksé°.
Conventional approaches using DL algorithms have involved full supervision that require image annotation pro-
cesses usually performed by drawing the region of interest (ROI) of the lesion by humans. Even with automatec
ROI segmentation methods, veri cation of ROl by humans is still needed. As DL is a data-driven technology,
time- and labor-intensive image annotation process may hinder the development of well-performing models
due to the need of massive training data. Moreover, manual annotation can be biased as this task necessari
involves subjective pre-judgment of the lesion.

DL with weak supervision (weakly-supervised DL) is a form of DL where unannotated images with only
image-level labels (i.e., malignant and benign) are used in training for di erential diagnolsisadizétior—.
Weakly-supervised DL has advantages over fully-supervised DL approaches in the development of DL algorithm
and its clinical application. For developing DL-based algorithm, a method without image annotation can compile
large-scale image sets in a time- and labor-saving manner. For clinical application, weakly-supervised DL algo
rithms allow us to use the entire image as input to the trained model, leading to an improvement in work ow
e ciency over fully-supervised algorithms as the additional task of marking lesions can be avoided. Despite these
bene ts of weakly-supervised DL algorithms, only a few studies have demonstrated their feasibility in radiology.
Weakly-supervised DL algorithm was evaluated in magnetic resonance imaging (MRI) or chest x-ray images
and demonstrated good diagnostic performances in the classi cation of breast lesions anddismasit'®.

However, weakly-supervised DL algorithm has not been well studied in breast US images.

e main hypothesis of this work is that weakly-supervised DL algorithms for US images are feasible for
diagnosing breast masses and comparable to conventional fully-supervised DL algorithms. e purpose of this
study was to develop a weakly-supervised DL algorithm that detects breast masses in US images and make
di erential diagnosis between benignity and malignancy synchronously.

f-1"<fZ fot «f-S5 s
Institutional review board (IRB) of Kyungpook National University Chilgok Hospital approved this retrospective
study and all methods were carried out in accordance with relevant guidelines and regulations. e requirement
of informed consent was waived under the IRB of Kyungpook National University Chilgok Hospital.

f — f = T —Waéretrospectively collected 1400 US images for breast masses of 971 patients from two institu-
tions (institution A: A University A’ Hospital; institution B: B University Hospital; Ejdor training and valida-
tion sets. Although multiple masses per patient were allowed, the most representative image per mass (usuall
showing the largest slice of a mass) was used. Among the 1400 images, 700 were images with cancers con rm
by biopsy or surgery, and 700 were images with benign masses that were con rmed by bi#p8Y ¢n at
least 2 years of follow-up imaging<637). e training set contained 500 benign and 500 malignant masses
obtained from institution A (data collection period: January 2011-May 2015). e validation sets were divided
into internal and external validation sets, each with 200 images of 100 benign and 100 malignant masses. Image
for internal validation were temporally split from institution A (data collection period: September 2013-July
2014) and were not used for algorithm training. Images for external validation were consecutively obtained from
institution B (data collection period: May 2011-August 2015). All breast US images were extracted from picture
archiving and communication systems and were stored in JPEG format. For the training and internal validation
sets obtained from institution A, only one US equipment manufactured by Philips was used to generate images,

<Fe—<co .,

| ' (2021) 11:24382 | S——"e8 tT'cd'"% wvaAwvy~ ezw{e~avxwe vy~ v|aatureportfolio



www.nature.com/scientificreports/

Weakly- —
supervised Classifier
Algorithm 4+
VGG16
ResNet34
Fully-
supervised
Algorithm
e =

Figure 2. Overview of weakly-supervised and fully-supervised deep learning (DL) algorithms for breast mass
classi cation and localization. e weakly-supervised DL algorithm does not require image annotation of region
of interest (ROI) of the lesion, whereas the fully-supervised DL algorithm requires tumor segmentation (manual
or automated) and cropping for ROI before being put in the classi ers. For the weakly-supervised DL algorithm,
a class activation map (CAM) is generated to visualize the region detected by this algorithm using a global
average pooling layer (GAP) that is added to the nal convolutional layer.

while multiple US machines manufactured by Philips, GE, and Siemens were used for the external validation se
(obtained from institution B).

e f%ot fee'—f—<'s feof '"1 "Ilnagdswere%ndnymized by minimal trimming of the edge of
images to eliminate body mark and text annotation. For the weakly-supervised DL algorithms, further data
curation was not performed to test the feasibility of the proposed system without ROI annotati@h (Eig.
anonymized images were resized t0*2224 pixels for the weakly-supervised DL. en, their pixel values were
normalized to the range of [0, 1] by dividing them the maximum intensity value. For comparison with fully-
supervised DL algorithms, ROI annotation was performed using two methods: manual drawing and automated
DL-based segmentation. For manual drawing, a radiologist (W.H.K.; with 11 years of experience in breast US)
marked ROIs and made binary masks for each mass using an in-house drawing tool. For the automated DL-
based segmentation, we employed the deep segmentation network U-Net, which has been developed to segme
medicalimage¥’. A er the ROI annotation, we extracted a square image with a xed margin of 30 pixels that
enclosed the corresponding mass, resized the image ¥x2224ixels, and the pixel intensity normalization
using the maximum value was applied.

Tt .. Z feecn .. f—< Forddep Aassi ers, we employed three representative convolutional neural
networks (CNN) that have achieved the state-of-the-art performance in various computer vision tasks: VGG16,
ResNet34, anGoogLeNetf13 Details for each VGG16, ResNet34, and GooglLeNet were given in our Supple-
mental Digital Content.

To test the performance of the discriminative localization by the weakly-supervised DL algorithms, we
extended the classi cation models using a global average pooling layer (GAP) that is added to the nal convolu-
tional layer of eacmodel®®. e GAP averages each feature maf) of the last convolution layer into feature
scores k) as follows.

Fr = Zi)jfk(i,j) wherei andj are the spatial indices ff e number of the feature maps is same as that of
classesN,). en, the models perform linear classi cation using a fully-connected layer followed by a so max
function. e fully-connected layer with learnable weight$/ = {wy }) calculates class scorég) for each

class as follows.
Se = Z Wk,ch
k

e class score is given to the so max function to yield the predicted probabilities of all classes. e predicted

probability (p.) of each class and probability of malignancy (POM) was calculated as follows:
_ o exp(So)
Sy exp(Sk)

c

P, if ¢ = malignancy

POM = { 1 — P, otherwise
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e neural networks were trained using the L2 regularization, a batch size of 64, and the Adam optimizer with
learning ratef = 0.001), 8 = 0.9, andB, = 0.999. e learnable weights of the neural networks are initialized
the He initialization. For the hyper-parameter selection, we performed grid search using a tuning set (100 for
benign and 100 for malignancy), randomly selected from the training set. A er the hyper-parameter selection,
we trained all networks using the whole training set. e model training and all experiments were conducted
on a workstation with NVidia TITAN XP (12 GB Memory), Intel i9 CPU, and 48 GB main memory. e neural
networks and algorithms were implemented using Python 3.6.9 and PyTorch 1.1.0.

<o "coce f—<"t 7' ... pdasesttvatiorimaps i1.) of each class can be acquired by merging the
feature maps using the weights that are learned in the estimation of the class scores.

M, = Z Wk,cfk
k

e relative intensity of M. is scaled using a min—-max normalization for inter-subject comparison and visu-
alization. e scaled class activation maps{() are acquired as follows.

M — M. — min(M,)
€7 max (M,) — min(M,)

Focused regions in the tumor characterization are determined by the binarization of the scaled maps with a
threshold (. > 0.3). e threshold was chosen empirically considering the overlap of the binarized maps with
the manual ROI annotation in the training set.

Frhtmefe  f ef—"<..e fef e—f—<Fer«dierfitialfdighosiss wé@ used area under the
receiver operating characteristics curve (AUC) as the primary metric for comparing the algorithm performance,
and the DeLong test of signi cance for comparing the AUC of two correlated receiver operating characteristics
curves (ROCs). e exact McNemar test was used to test the di erences in sensitivity and speci city. Discrimi-
native localization is regarded as correct when the segmented area overlaps with the manually annotated are:
Fisher's-exact test was used to compare rates of correct and incorrect localization between benign and malignar
masses with the weakly-supervised DL algorithm. For the automated ROI segmentation performance, the dice
similarity coe cient (DSC) was calculated to assess spatial agreement between the automatically segmented RO
(M;) and the manual ROI annotationvg):

wherd M;| and|Mg\ are the number of pixels of the automated and manual ROIs, respekfively/, represents
common regions to both of ROIs. All statistical analyses were performed using the MedCalc statistical so ware,
version 17.1 (Mariakerke, Belgium). Two-tailedatues of 0.05 were considered statistically signi cant.

:t o — Z —_e

fetZcet .Sf"f..—1"<o—cBaselife chfracferistics-ofdhe training set and internal/external
validation sets are described in Tablee mean ages of patients in training, internal validation, and exter
nal validation sets were 49 years (range: 19-83 years), 50 years (range: 22-79 years), and 50 years (ran
16-80 years), respectively. e mean sizes of the lesions measured via US were 15 mm (range: 1-69 mm), 14 mn
(range: 5-60 mm), and 15 mm (range: 6—47 mm), respectively.

P 7efet of—"c..0 7 Tt T Forfinferial fidationtesdt set, the weakly-supervised
DL models achieved high performances in the dierential diagnosis between benign and malignant breast
masses, with AUC values of 0.96, 0.92, and 0.94in VGG16, ResNet34, and GoogLeNet models, respective
(Table2). e AUCs of fully-supervised DL models with manual annotation were 0.96, 0.94, and 0.96 in VGG16,
ResNet34, and GooglLeNet models, respectively. e AUCs of fully-supervised DL models with automated anno-
tation were 0.96, 0.92, and 0.95, respectively. e DSC of the automated ROI annotation for internal validation
test set was 0.89 (standard deviation, 0.12). e AUCs of weakly-supervised DL models were not di erent from
those of fully-supervised DL models with either manual or automated ROI annotation (all Ps > 0.05). Sensitivi-
ties of weakly-supervised DL models were 87% (87/100), 82% (82/100), and 87% (87/100) in VGG16, ResNet3
and GoogLeNet models, respectively, and speci cities were 91% (91/100), 91% (91/100), and 94% (94/100
respectively. e sensitivities and speci cities were not di erent between weakly-supervised and fully-super
vised DL models (all Ps>0.05).

For external validation test set, the weakly-supervised DL model achieved high diagnostic performance
but was slightly lower than those in internal validation sets, with AUC values of 0.89, 0.86, and 0.90 in VGG186,
ResNet34, and GoogLeNet models, respectively (Jabig.3). e AUCs of fully-supervised DL models with
manual annotation were 0.91, 0.89, and 0.92 in VGG16, ResNet34, and GoogLeNet models, respectively. e
AUCs of fully-supervised DL models with automated annotation were 0.85, 0.84, and 0.87, respectively. e
DSC of the automated ROI annotation for external validation test set was 0.85 (standard deviation, 0.17). e
AUCs of weakly-supervised DL models were not statistically di erent from those of fully-supervised DL models
with manual ROI annotation (alls®0.05). For the VGG16 network, the AUC was signi cantly higher in the
weakly-supervised DL model than the fully-supervised DL model with automated ROI annotatiord4y.
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Training Internal validation | External validation
Patients 818 167 125
Images 1000 200 200
Patients with malignant masses 500 100 88
Images with malignant masses 500 100 100
Patients with benign masses 346 68 39
Images with benign masses 500 100 100
Age groups*
<30 years 16 (2% 3 (2%) 12 (6%)
30-50 years 431 (53% 93 (56%) 91 (46%)
50 years 371 (45% 71 (43%) 97 (49%)
Tissue composition**
Homogeneous, fat 20 (2% 5 (3%) 14 (11%)
Homogeneous, broglandular 956 (96%) 191 (96%) 69 (55%)
Heterogeneous 24 (2% 4 (2%) 42 (34%)
Lesion size**
<2cm 754 (75%) 149 (75%) 163 (82%)
2-5cm 239 (24% 50 (25%) 37 (19%)
5cm 7 (1%) 1 (1%) 0
US machine**
Phillips 1000 (100%4) 200 (100%) 16 (8%)
GE 0 0 169 (85%)
Siemens 0 0 15 (8%)

Table 1. Baseline characteristics of datasets. *Patient-level, **image-level.

Fully-supervised P values
Weakly-supervised vs. Weakly-supervised vs.
Weakly-supervised | Manual Automated manual automated

AUC

VGG16 0.96 (0.92, 0.98) 0.96 (0.93, 0.98) 0.96 (0.92, 0.98) 0.72 0.96
ResNet34 0.92 (0.88, 0.96) 0.94 (0.89, 0.97) 0.92 (0.87, 0.95) 0.57 0.76
GoogLeNet | 0.94 (0.90, 0.97) 0.96 (0.92. 0.98) 0.95 (0.91, 0.98) 0.30 0.65
Sensitivity

VGG16 87% 85% 87% 0.77 1.00
ResNet34 82% 89% 79% 0.12 0.63
GoogLeNet | 87% 87% 87% 1.00 1.00
Speci city

VGG16 91% 91% 94% 1.00 0.45
ResNet34 91% 90% 92% 1.00 1.00
GoogLeNet | 94% 92% 92% 0.69 0.69

Table 2. Diagnostic performance metrics of weakly-supervised and fully-supervised deep learning algorithms
in internal validation set. 95% con dence intervals in parenthesis.

ResNet34 and GoogLeNet networks showed no signi cant di erences between weakly-supervised DL model
and fully-supervised DL model with automated ROI annotation &I0F05). Sensitivities of weakly-supervised

DL models were 91% (91/100), 78% (78/100), and 88% (88/100) in VGG16, ResNet34, and GooglLeNet model
respectively, and the speci cities were 72% (72/100), 80% (80/100), and 76% (76/100), respectively. e sensi-
tivities did not signi cantly di er between weakly-supervised and fully-supervised DL models in VGG16 and
GoogLeNet (all #-0.05). For the ResNet34 model, the sensitivity was lower in the weakly-supervised DL model
than the fully-supervised model with manual annotatior QP001) but not signi cantly di erent from the
fully-supervised DL model with automated ROI annotatiBr (.66). e speci city of the weakly-supervised

DL model was not signi cantly di erent from that of fully-supervised DL models with manual ROI annotation

in VGG16 and GooglLeNet models (ad&®.05) and lower than that in the ResNet34 model®01). e

speci city was higher in the weakly-supervised DL model than the fully-supervised DL model with automated
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Fully-supervised P values
Weakly-supervised vs. Weakly-supervised vs.
Weakly-supervised | Manual Automated manual automated
AUC
VGG16 0.89 (0.84, 0.93) 0.91 (0.86, 0.95) 0.85 (0.79, 0.89) 0.28 0.04
ResNet34 0.86 (0.81, 0.91) 0.89 (0.84, 0.93) 0.84 (0.78,0.88) 0.31 0.32
GoogLeNet | 0.90 (0.85, 0.94) 0.92 (0.87, 0.95) 0.87 (0.82, 0.92) 0.32 0.19
Sensitivity
VGG16 91% 85% 89% 0.45 0.73
ResNet34 78% 89% 81% <0.001 0.66
GooglLeNet | 88% 87% 87% 0.51 1.00
Speci city
VGG16 2% 91% 52% 0.85 <0.001
ResNet34 80% 90% 69% <0.05 0.07
GoogLeNet | 76% 92% 63% 0.85 0.04

Table 3. Diagnostic performance metrics of weakly-supervised and fully-supervised deep learning algorithms
in external validation set. 95% con dence intervals in parenthesis.

ResNet34 GoogleNet

True positives

False negatives
B

False positives
C

True negatives

D

Figure 3. Classi cation results with class activation map (CAM) using the weakly-supervised deep learning
(DL) algorithm on external validation set. Examples of true-positiyeféfse-negative (Bfalse-positive

(©), and true-negative (Pare shown for each network (VGG16, ResNet34, and GoogLeNejitrigsound

images show a 17-mm irregular, spiculated invasive ductal carcinoma, which was predicted as malignancy with
probability of malignancy (POM) of 1.00, 1.00, and 0.999 in VGG16, ResNet34, and GoogLeNet, respectively.
(B) Ultrasound images show an 11-mm oval, circumscribed, isoechoic mucinous carcinoma, which was
predicted as benign with POM of 0.007, 0.000, and 0.000, respectMalitg€dbund images show a 29-mm

oval, hypoechoic mass with macrocalci cations considered as benign (unchanged during the 46-month
follow-up period), which was predicted as malignancy with POM of 1.000, 0.994, and 1.000, respectively.

(D) Ultrasound images show a 6-mm oval, circumscribed mass considered as benign (unchanged during the
55-month follow-up period), which was predicted as benign with POM of 0.434, 0.006, and 0.006, respectively.
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Internal validation External validation
Benign Malignant P value Benign Malignant P value
VGG16 1.00 1.00
Correct 99 100 99 100
Incorrect 1 0 1 0
ResNet34 1.00 0.68
Correct 99 100 96 98
Incorrect 1 0 4 2
GooglLeNet N/A 0.25
Correct 100 100 97 100
Incorrect 0 0 3 0

Table 4. Metrics for discriminative localization of benign and malignant breast masses in the weakly-
supervised deep learning algorithm. NYAot applicable. For discriminative localization, we created binary
images by applying a threshold of 0.3 to a class activation map (CAM) and compared them with manual
annotation. Discriminative localization is regarded as correct when the segmented area overlaps with the
manually annotated area.

ROI annotation with statistical signi cance or borderline signi cance QP001P=0.07, an®=0.04 in VGG16,
ResNet34, and GooglLeNet models, respectively).

e fe it ek "0 Tt "o f dninternal valiflafioroesdts; ¢he sveakly-super
vised DL model using VGG16 and ResNet34 network could localize 99% (99/100) of the benign and 100%
(100/100) of malignant masses (Tab)le e weakly-supervised DL model using the GoogLeNet network could
localize 100% (100/100) of both benign and malignant masses. In external validation sets, the weakly-supervise
DL model using VGG16, ResNet34, and GoogLeNet networks could localize 99% (99/100), 96% (96/100), 979
(97/100) of the benign, and 100% (100/100), 98% (98/100), 100% (100/100) of malignant masses, respectively

e . —eo0o ‘o
In this study, we found that weakly-supervised DL algorithm provided excellent diagnostic performance (AUC:
0.86-0.96) that were not inferior to the fully-supervised DL algorithm with manual (AUC: 0.89-0.96) and
automated annotation (AUC: 0.84-0.96). Furthermore, the weakly-supervised DL algorithm could correctly
localize the benign and malignant masses with nearly perfect rates (96%—100%). is excellent classi cation and
localization performance was achieved even in our relatively small-sized dataset and in the external validation se
with di erent breast imagers and US equipment. Taken together, our results suggests that weakly-supervised DL
algorithm is feasible to detect and diagnose breast cancer in US images through a highly e cient data-curation
process in which image-based classi cation can be made without manual or automated annotation.

Classi cation methods using the DL algorithm can be categorized into region- and image-based classi cation.
Most of previous studies have used region-based classi cation. Regions (usually for lesions) are necessarily dete
mined prior to classi cation task either manually (including semi-automatically) or automatically. Studies using
manually determined regions showed high diagnostic performances with AUCs 0.84-0.94 depending on case:s
and strategies fdearning™*°. A commercial computer-aided diagnosis (CAD) system (S-detect) that is installed
in certain US equipment (RS80A, Samsung Medison Co. Ltd., Seoul, South Korea) enables semi-automated regic
annotation and predicts the nal assessment in a dichotomized form (possibly benign or possibly malignant).
With this system, Park et al. found that AUC was improved with CAD (0.823-0.839 vs. 0.623-0.759), especially
for less-experienceadiologistg’. In other studies, regions were determined more inclusively by cropping the
image by human with excellent diagnostic performances (AUC, 0.913 and?&d3Litomated determina-
tion of regions has been proposed using various methods of region proposals. Diagnostic performances using
the automatically determined regions were suboptimal or metrics were not-well demonstrated with the highest
accuracy of 87.5% in a study usienseNet, 60.6% of sensitivity for malignant lesions in a study using fully
convolutionalnetworks?, no overall diagnostic metrics in a study using faster RANMNage-based classi ca-
tion with weakly-supervised DL algorithms has been proposed in the present study and our preskitius
In our previous work, we proposed a box convolution network with VGG-16 which learns kernel sizes and
o sets of convolution Iters from given datasets. We found that our proposed model had higher performances
in diagnostic accuracy and localization than VGG-16 or dilated VGG-16. While our previous work was focused
on box convolution network, we did not compare our model with fully-supervised DL algorithms and external
validation or generalization to other networks were not evaluated. In the present study, using three representative
networks and external validation test sets, the feasibility of weakly-supervised DL algorithm was demonstrated
in comparison with a fully-supervised DL algorithm.

Weakly-supervised DL algorithms serve more closely as a human-mimicking algorithm than fully-supervised
DL algorithm in di erentiating malignant masses from benign breast masses in US images. Human-established
algorithms employed in breast imaging reporting and data system (BI-RADS) take into account comprehensive
sonographic features of both the mass and the surrounding breast tissue. Hence, weakly-supervised DL, usin
the information of the images in their entirety (not con ned to the mass or its vicinity), may have advantages
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over fully-supervised DL; the proposed algorithm can learn a signi cant portion of BI-RADS lexicon describing
information outside the mass (e.g., posterior features, architectural distortion) that is known to be helpful for
di erential diagnosi&?’,

For the fully-supervised DL as a comparative method, we implemented a U-Net based segmentation model
as a baseline method of the automated segmentation of breast US lesions. Automated segmentation has be
suggested in various techniques including graph-based approaches, deformable models, intensity-based threst
olding, region growing, and watershaldorithn?®. Recently, DL techniques including U-Net architecture have
shown to achieve good performances on various biomedical segmetaakigh In breast US, several variants
of the U-Net for mass segmentation have been proposed. Yap, et al. demonstrated that their performing model
based on fully convolutional networks obtained 0.76 and 0.55 of DSCs for benign and malignant breast masses
respectivelff. Byra, et al. proposed selective kernel U-Net model and between performances were achieved (0.8(
and 0.74 for benign and malignant breast masses, respectively) using thelataspt&. Hu, et al. developed
a DL method using dilated fully CNN combined with an active contour model and their best performance
was 0.89 of DSC based on 570 ultrasomvatjed® Although it is di cult to compare our results with those
reported due to di erent methods and evaluation schemes, our U-Net performances based on 1000 US images
were comparable with the previous reports (0.89 and 0.85 for internal and external validation sets). However,
we did not aim to propose the state-of-the-art segmentation method and U-Net was used as a basic example ¢
the automated segmentation for fully-supervised method in comparison with weakly-supervised method and
fully-supervised method with manual annotation as a lesion ground-truth was also used in our study.

GAP used in our study can enforce the feature maps to preserve spatial information relevant to the classes, s
that they can be used to interpret the decision of the @diel$33. is method for identifying areas that are
attributed to di erential diagnosis using GAP with CAM leads toward the concept of eXplainable A1*€XAI)

XAl or responsible Al is an emerging paradigm to overcome the inherent “black box problem” brought by deep
frameworks, wherein it is impossible for us to understand how decisions are furnished. CAM as one of the feature
attribution maps give us an insight to interpret the decision-making process implemented by Al. In addition, we
believe that the weakly-supervised DL with CAM may facilitate the development of DL-aided detection frame
works for clinically signi cant regions for healthcam®viders®?’. For the interpretability of the DL models,
various feature attribution methods have been proposed in tiategorie¥: gradient-based approaches (e.g.,
Grad-CAM and Layer-wise relevance propagation), perturbation-based approaches, and surrogate models (e.g
LIME and SHAP). For example, as proposed in previous study, approximation a surrogate model between input
image features and the model’s classi cation output for computation Shapely values, which represent the contri-
bution of each feature to the output, may enable us to recognize image regions relevant to the decision-making
process of the classi cationodels®.

An important caveat in the present study was that our proposed weakly-supervised DL algorithm was not
trained with a large-scale dataset due to our feasibility objectives. Further studies are needed using dataset wit
various institutions, imagers, and US equipment. Another limitation is that a time- and labor-e ciency was not
directly quanti ed because of the complexity of data curation process.

In summary, we have developed a weakly-supervised DL algorithm without image ROI annotation to detect
and diagnose breast masses, suggesting a highly e cient algorithm in data curation. e proposed algorithm
showed comparable performance to fully-supervised DL algorithms for di erential diagnosis and localization.

Received: 1 June 2021; Accepted: 30 November 2021
Published online: 21 December 2021

E i e o B
. Brem, R. F,, Lenihan, M. J., Lieberman, J. & Torrente, J. Screening breast ultrasound: past, present, and future. AJR Am. J. Roentgenol.
204, 234-240 (2015).
. Vourtsis, A. & Berg, W. A. Breast density implications and supplemental screening. Eur.28dial62—-1777 (2019).
. Berg, W. A, Blume, J. D., Cormack, J. B. & Mendelson, E. B. Operator dependence of physician-performed whole-breast US: Lesio
detection and characterization. Radiolog#1, 55-365 (2006).
. Mendelson, E. B. Arti cial intelligence in breast imaging: Potentials and limitations. AJR Am. J. Roen%i29l293-299 (2019).
. Wu, G. G. et al. Arti cial intelligence in breast ultrasound. World J. Radidl, 19—-26 (2019).
. Kim, J., Kim, H. J., Kim, C. & Kim, W. H. Arti cial intelligence in breast ultrasonography. Ultrasonogéip}83-190 (2021).
. Jager, M., Knoll, C. & Hamprecht, F. A. Weakly supervised learning of a classi er for unusual event detection. IEEE Trans. Image
Process. 17, 1700-1708 (2008).
. Oquab, M., Bottou, F., Laptev, I., Sivic, J. Is object localization for free? - Weakly-supervised learning with convolutional neural
networks Proceedings of the 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 7-12 (2015).
9. Cheplygina, V., de Bruijne, M. & Pluim, J. P. W. Not-so-supervised: A survey of semi-supervised, multi-instance, and transfer
learning in medical image analysis. Med. Iimage Afdl, 280—-296 (2019).
10. Zhou, Jet al. Weakly supervised 3D deep learning for breast cancer classi cation and localization of the lesions in MR images. J.
Magn. Reson. Imaging. 50, 1144-1151 (2019).
11. Yan, C., Yao, J,, Li, R., Xu, Z., Huang, J. Weakly supervised deep learning for thoracic disease classi cation and localization ol
chest x-raysBCB ’18: Proceedings of the 2018 ACM International Conference on Bioinformatics, Computational Biology, and Health
Informatics 2018; 103—-110 (2018).
12. Mishra, D., Chaudhury, S., Sarkar, M. & Soin, A. S. Ultrasound image segmentation: A deeply supervised network with attention
to boundaries. IEEE Trans. Biomed. Engs6, 1637—-1648 (2019).
13. Cao, Z., Duan, L., Yang, G., Yue, T. & Chen, Q. An experimental study on breast lesion detection and classi cation from ultrasound
images using deep learning architectures. BMC Med. Ima3@g51 (2019).
14. Du, Y.et al. Classi cation of tumor epithelium and stroma by exploiting image features learned by deep convolutional neural
networks.Ann. Biomed. Eng. 46, 1988-1999 (2018).

1

~No o w N

[ee]

wcte—co . | $7(2021) 11:24382 | S——'ed t'¢c4""% wvawvy~ ezw{s~avxwa vy~ v|Baatureportfolio



www.nature.com/scientificreports/

15. Shin, H. C. et alDeep convolutional neural networks for computer-aided detection: CNN Architectures, dataset characteristics
and transfer learning. IEEE Trans. Med. Imagin@5, 1285-1298 (2016).

16. Wang, X., Peng, Y., Lu, L., Lu, Z., Bagheri, M., Summers, RM. ChestX-Ray8: Hospital-Scale Chest X-Ray Database and Benchmar
on Weakly-Supervised Classi cation and Localization of Common orax Diseases. Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 3462—-3471 (2017).

17. Han, Set al. A deep learning framework for supporting the classi cation of breast lesions in ultrasound images. Phys. Med. Biol.

62, 7714-7728 (2017).

18. Byra, M.et al. Breast mass classi cation in sonography with transfer learning using a deep convolutional neural network and color
conversionMed. Phys. 46, 746—755 (2019).

19. Becker, A. S. et al. Classi cation of breast cancer in ultrasound imaging using a generic deep learning analysis so ware: a pilot
study.Br. J. Radiol. 91, 20170576 (2018).

20. Park, H. J. et al. A computer-aided diagnosis system using arti cial intelligence for the diagnosis and characterization of breast
masses on ultrasound: Added value for the inexperienced breast radiologist. M&/iehd146. https://doi.org/10.1097/MD.
0000000004146 (2019).

21. Fujioka, Tet al. Distinction between benign and malignant breast masses at breast ultrasound using deep learning method with
convolutional neural network. Jpn. J. Radio®7, 466—-472 (2019).

22. Tanaka, H., Chiu, S. W., Watanabe, T., Kaoku, S. & Yamaguchi, T. Computer-aided diagnosis system for breast ultrasound image
using deep learning. Phys. Med. Bi@4, 235013 (2019).

23. Yap, M. H. et al. Automated breast ultrasound lesions detection using convolutional neural networks. IEEE J. Biomed Health Inform.
22,1218-1226 (2018).

24. Shin, S. Y., Lee, S, Yun, I. D. & Lee, K. M. Joint weakly and semi-supervised deep learning for localization and classi cation of
masses in breast ultrasound images. IEEE Trans. Med. Ima38g162—774 (2019).

25. Kim, C., Kim, W.H., Kim, H.J., Kim, J. Weakly-supervised US breast tumor characterization and localization with a box convolu-
tion network. Proceedings of the Medical Imaging 2020: Computer-Aided Diagnosis. (2020).

26. Hong, A. S., Rosen, E. L., Soo, M. S. & Baker, J. A. BI-RADS for sonography: positive and negative predictive values of sonograpt
featuresAJR Am ] Roentgenol. 184, 1260-1265 (2005).

27. Raza, S., Goldkamp, A. L., Chikarmane, S. A. & Birdwell, R. L. US of breast masses categorized as BI-RADS 3, 4, and 5: pictor
review of factors in uencing clinical management. Radiograpds 1199-1213 (2010).

28. Xian, M.et al. Automatic breast ultrasound image segmentation: A survey. Pattern Ré£8gid40-355 (2018).

29. Ronneberger, O., Fischer, P., Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation. In: International Confer
ence on Medical Image Computing & Computer-assisted Intervention. (2015).

30. Yap, M.H.et al. End-to-end breast ultrasound lesions recognition with a deep learning approach. Proc. SPIE 10578, Medical Imaging
2018: Biomedical Applications in Molecular, Structural, and Functional Imaging, 1057819 (12 March 2018)

31. Byra, M.et al. Breast mass segmentation in ultrasound with selective kernel U-Net convolutional neural network. Biomed Signal
Process Control 61, 102027 (2020).

32. Hu, Y.et al. Automatic tumor segmentation in breast ultrasound images using a dilated fully convolutional network combined
with an active contour model. Med Phy46, 215-228 (2019).

33. Selvaraju, R.R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., Batra, D. Grad-cam: visual explanations from deep networks vi
gradient-based localization. Proceedings of 2017 IEEE International Conference on Computer Vision (ICCV. 618-626 (2017).

34. Anguita-Ruiz, A., Segura-Delgado, A., Alcala, R., Aguilera, C. M. & Alcala-Fdez, J. eXplainable arti cial intelligence (XAl) for
the identi cation of biologically relevant gene expression patterns in longitudinal human studies, insights from obesity research.
PLoS Comput Biol. 16, €1007792 (2020).

35. Lamy, J. B., Sekar, B., Guezennec, G., Bouaud, J. & Seroussi, B. Explainable arti cial intelligence for breast cancer: A visual cas
based reasoning approach. Artif Intell M34, 42-53 (2019).

36. Lee, Het al. An explainable deep-learning algorithm for the detection of acute intracranial haemorrhage from small datasets. Nat
Biomed Eng. 3, 173-182. httpsdbi.org/10.103841551018:0324-9 (2019).

37. Zhou, B., Khosla, A., Lapedriza, A., Oliva, A., Torralba, A. Learning deep features for discriminative localization. Proceedings of
2016 IEEE Conference on Computer Vision and Pattern Recognition. 27—30 (2016).

38. Yang, M., Kim, B. Benchmarking attribution methods with relative feature importance.l80G09701

39. Leonoor, E. M. et alAutomated biomarker candidate discovery in imaging mass spectrometry data through spatially localized
shapley additive explanations. Analytica Chimica Actd 77, 338522 (2021).

-..‘TMziT%Oi.:t._.
is work was supported by the National Research Foundation of Korea (NRF) grant funded by the Korea
government (MSIT) (No. 2020R1C1C1006453, No. 2019R1G1A1098655), Ministry of Education (No.
2020R111A3074639), Daegu Metropolitan and Daegu-Gyeongbuk Medical Innovation Foundation (2021 Daegu
Medi-Startup Program), and by the Korean Society of Breast Imaging & Korean Society for Breast Screening
(KSBI & KSFBS-2017-01).

S on ‘ ” ‘
_—S e O/ (y—— 00

JK., HJK, CK., and W.H.K contributed to the study concept, design, acquisition of data, interpretation of data,
and dra ing of the article. J.H.L., KWK., Y.M.P, HWK., S.Y.K., and Y.M.K. contributed to the acquisition of
data, and revising the article. All authors approved the nal version of the manuscript.

‘.11:—(’%0 (o_i":to_o
e authors declare no competing interests.

TT(_(;.fZ (."Ln.f_(l.
Supplementary Information e online version contains supplementary material available at https://doi.org/
10.1038/s41598-021-03806-7.

Correspondence and requests for materials should be addressed to W.H.K.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional a liations.

wcte—co. | $7(2021) 11:24382 | S——'ed t'¢c4""% wvawvy~ ezw{s~avxwa vy~ v|Baatureportfolio


https://doi.org/10.1097/MD.0000000000014146
https://doi.org/10.1097/MD.0000000000014146
https://doi.org/10.1038/s41551-018-0324-9
http://arxiv.org/abs/1907.09701
https://doi.org/10.1038/s41598-021-03806-7
https://doi.org/10.1038/s41598-021-03806-7
www.nature.com/reprints

www.nature.com/scientificreports/

Open Access is article is licensed under a Creative Commons Attribution 4.0 International

o License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. e images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http:/fgegaimmons.org/liceaes/by/4.0/.

© e Author(s) 2021

wcte—co . | $7(2021) 11:24382 | S——'ed t'¢c4""% wvawvy~ ezw{s~avxwa vy~ v|Baatureportfolio


http://creativecommons.org/licenses/by/4.0/

