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Abstract

Purpose Early diagnosis of triple-negative (TN) breast cancer is important due to its aggressive biological characteristics,
poor clinical outcomes, and limited options for therapy. The goal of this study is to evaluate the potential of machine learning
with quantitative ultrasound image features for the diagnosis of TN breast cancer.

Methods Ultrasonic and clinical data of 140 surgically confirmed breast cancer cases were analyzed retrospectively for the
diagnosis of TN and non-TN (NTN) subtypes. The subtypes were classified based on the expression of estrogen receptor
(ER), progesterone receptor (PR), and human epidermal growth factor receptor 2 (HER2). Ultrasound image features were
measured from the grayscale and color Doppler images and used with logistic regression for classification by machine learn-
ing. Leave-one-out cross validation was used to train and test the differentiation. Diagnostic performance was measured by
the area under receiver operating characteristic (ROC) curve, and sensitivity and specificity determined at the Youdons index.
Results Of the twelve grayscale and Doppler features measured, eight were found to be statistically different for the TN
and NTN subtypes (p <0.05). The area under the ROC curve (AUC) of the statistically significant grayscale (GS) and color
Doppler (CD) features was 0.85 and 0.65, respectively. The AUC increased to 0.88 when the GS and CD features were used
together, with sensitivity of 86.96% and specificity of 82.91%. Consideration of patient age in the analysis did not improve
discrimination of TN and NTN.

Conclusions The analysis of breast ultrasound images by machine learning achieves high level of differentiation between the
TN and NTN subtypes, exceeding the diagnostic performance by standard visual assessments of the images.

Keywords Breast cancer - Triple negative breast cancer - Quantitative breast ultrasound - Machine learning - Computer-
aided diagnosis

Introduction

Breast cancer is the most common malignancy and the
leading cause of cancer-related death in women world-
wide. Every year, there are an estimated 1.67 million newly
diagnosed patients and 0.52 million deaths due to breast
cancer around the world [1]. In the United States, 268,670
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except with adjuvant chemotherapy. It is widely recognized
that early detection and diagnosis of this aggressive sub-
type are important for improving postoperative survival and
quality of life of the patients [3, 4].

Ultrasound is a versatile diagnostic modality for diag-
nosing breast lesions with a relatively high sensitivity and
specificity. It can effectively distinguish between benign
and malignant breast masses with a high negative predic-
tive value [5]. The quality of ultrasound images, however,
is influenced by several factors including low contrast and
low signal-to-noise ratio, inadequate compensation of signal
attenuation, speckle noise, and shadowing and enhancement
artifacts. At the same time, image acquisition is user depend-
ent and subjective due to the varying experience and skill
levels of the sonographers [6]. These effects could be even
more pronounced in developing countries or rural areas that
lack resources, leading to higher mortality and poorer prog-
nosis. In addition, TN breast cancer presents atypically in
different imaging, making it difficult to get an effective early
diagnosis [7-9]. There is an emerging trend of using quanti-
tative methods with machine learning to decrease diagnostic
subjectivity, and to reduce misdiagnosis for ultrasound imag-
ing so that costly and resource-intensive invasive biopsies
might be avoided [6, 10].

In the current state of the art, many of the technological
advances have been applied to differentiating malignant and
benign tumors with all subtypes grouped together [10-13].
In this study, we go beyond this discrimination of solid
breast masses by applying computer methods to separate TN
and NTN subtypes. Toward this goal, we assess the role of
grayscale (GS) and color Doppler (CD) ultrasound features
extracted from images in distinguishing TN from NTN by
machine learning.

Materials and methods
Patients and image acquisition

The study was approved by the institutional review board
(IRB) for investigation. All patient information was de-
identified and the requirement for informed consent was
waived in accordance with the IRB protocol. Data were col-
lected from 140 consecutive primary invasive breast can-
cer cases (140 masses), surgery-confirmed at the Second
Affiliated Hospital of Harbin Medical University between
January 2014 and March 2015. The ultrasound images
were acquired with a broadband 12-15 MHz linear-array
transducer (HITACHI Vision 900, Hitachi Medical System,
Tokyo, Japan) by a sonographer with five years of experi-
ence in breast imaging. GS and CD images of breast masses
were acquired in multiple standard tangent planes and used
for offline analysis.
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Breast imaging reporting and data system (BI-RADS)
category and subtypes classification

Ultrasound image data were reviewed by two radiologists
with at least five years of experience in interpreting breast
ultrasound images. The radiologists were blinded to the
pathology results. In cases of disagreement, a consen-
sus was sought. Ultrasonic features of the breast masses,
including tumor shape, orientation, margin, echo patterns,
posterior acoustic features, calcifications, and vascularity
were retrospectively analyzed according to the fifth edition
of the BI-RADS criteria [14]. Using clinicopathologic and
immunohistochemical analysis, breast cancer cases were
further classified into two molecular subtypes, namely, TN
subtype (ER—/PR—/HER2—) and NTN subtype, according
to the recommendations of the 2013 St. Gallen consensus
[15]. Among the NTN cases were luminal A [ER+/PR+,/
HER2—-/Ki-67 < 14%], luminal B (HER2—) subtype [ER+/
HER2-/Ki-67 > 14% or PR <20%], luminal B (HER2+)
subtype [ER+/HER2+/any Ki-67/any PR], and HER2+
subtype [HER2+/ER7/PR™].

Computerized feature extraction

Five GS images of each lesion from each subject were ana-
lyzed. Nine quantitative grayscale features describing mar-
gin and shape characteristics of the lesion were extracted
from a manually drawn region of interest (ROI) using a
custom application written in the IDL programming lan-
guage (Harris Corporation, Herndon, VA, USA). These
features have been described in our earlier studies [11, 16]
and also included in the supplementary material. In short,
they were computed by partitioning the lesion into N sec-
tors and analyzing grayscale characteristics of the pixels
within the lesion, at the margin and in surrounding tissue.
These quantitative features are margin sharpness (MS),
margin echogenicity difference (MED), angular variance
in margin (AVM), depth-to-width ratio (DWR), axis ratio
(AR), tortuosity, circularity, radius variation (RV), and
elliptically normalized skeleton (ENS).

Three CD images of each lesion were used to measure
Doppler vascularity within the manually drawn ROI [17].
The Doppler measurement involved two steps. First, the
color bar on the Doppler image was used to set the color
scale by dividing each directional flow into 100 equal lev-
els. Each level was assigned a velocity value between 0
and maximum velocity in the color bar based on the posi-
tion of the color level in the bar. The colored pixels were
detected in the region of interest and assigned a velocity
value based on color level. The number of pixels with flow
(colored pixels) and their velocities were used to measure



Breast Cancer Research and Treatment (2019) 173:365-373 367
vascular indices of fractional area of flow in the lesion  Table1 BI-RADS Category of TN and NTN subtypes
(AI),.mean ﬂo.w velocity in the lesion (VI), and flow vol- BL-RADS category N (%) NTN (%) pvalue
ume in the lesion (FVI).

Category 3 2 (8.70%) 4 (3.42%) 0.17
Feature reduction Category 4 7(30.43%) 30 (25.64%)

Category 5 14 (60.87%) 83 (70.94%)
Standard descriptive statistics based on the arithmetic mean ~ Total 23 (16.43%) 117 (83.57%)

and SD values of the ultrasound features and age were
derived for the TN and NTN subtypes. The two-tailed Stu-
dent’s r-test of unequal variance was used to determine the
statistical significance of the difference between two groups.
Features with significant difference of p <0.05 were selected
for characterizing lesions.

Model construction and evaluation

The grayscale features, Doppler features, and patient age
were used to train and test the classification model by logis-
tic regression using leave-one-out cross validation, in which
N —1 samples (of the N samples in the data) were trained to
predict the probability of the remaining Nth sample for being
TN subtype. The TN probability of a lesion was compared
with the biopsy results to perform ROC analysis using Med-
Calc [Version 17.9, Ostend, Belgium]. The area under the
ROC curve (AUC), sensitivity (Se), and specificity (Sp) at
Youden index for each ROC curve were used for evaluating
diagnostic performance of the classification model.

Results

Of the 140 cases, 115 were invasive ductal carcinomas, 18
were invasive lobular carcinomas, and 7 were others. 23
(16.43%) of these cases were TN and the remaining 117
(83.57%) were NTN. In NTN subtypes, there were 30 cases
of LA subtype, 27 of LB (HER2+), 35 of LB (HER2-),
and 25 HER2+ subtype. The mean age at diagnosis of the
all patient was 51.45+9.39. Patients with TN tumors were
slightly younger than patients with NTN (50.26 +9.64 vs.
51.68 +9.37 years, Table 2). The difference in age between
the two groups was not significant (p =0.52). The BI-RADS
categories evaluated by visual inspection of the images
showed no significant difference between TN and NTN sub-
types. p was determined to be 0.17 by Chi square (Table 1).

Qualitative assessment of images

Figure 1 shows examples of triple-negative breast can-
cers. GS ultrasound images of a 36-year-old woman show
a hypoechoic mass with irregular shape, microlobulated
margin, posterior enhancement, and greater lesion depth
compared to width (left panel, Fig. 1a). The Doppler image
of the same mass shows no vascularity, however there is

BI-RADS breast imaging reporting and data system, 7N triple nega-
tive, NTN non-triple negative

a small vascular region in the tissue surrounding the mass
(right panel, Fig. 1a). The lesion was assessed to be BI-
RADS category 5 by visual inspection of the images. The
quantitative computerized features for the lesion were
94.72 for margin sharpness, 17.86 for margin echogenicity
difference, 1.40 for tortuosity, 0.50 for circularity, 0.21 for
elliptically normalized skeleton, 3.02 for Al, 1.27 for VI,
and 0.04 for FVI. The GS ultrasound image of a 49-year-
old woman with a TN mass shows a hypoechoic mass with
an irregular shape, circumscribed and microlobulated mar-
gin (left panel Fig. 1b). Doppler imaging showed the mass
to be moderately vascular with vascular regions distributed
within and at the rim. The BI-RADS category for the mass
was clinically assessed to be 4 by visual inspection of the
images. The computerized quantitative features were 97.22
for margin sharpness, 18.87 for margin echogenicity dif-
ference, 1.43 for tortuosity, 0.47 for circularity, 0.21 for
elliptically normalized skeleton, 6.85 for Al, 2.55 for VI,
and 0.17 for FVL

Figure 2 shows examples of non-triple-negative cancers.
The GS ultrasound image of a 75-year-old woman with
NTN (HER2+ subtype) shows a hypoechoic mass with an
irregular shape, spiculated and microlobulated margin, and
an indifferent posterior echo (left panel, Fig. 2a). The mass is
highly vascularized within the interior and at the rim (right
panel, Fig. 2a). The mass was clinically assessed to be BI-
RADS category 5 by visual inspection of the images. The
quantitative computerized features were 97.22 for margin
sharpness, 15.78 for margin echogenicity difference, 1.59
for tortuosity, 0.37 for circularity, 0.26 for elliptically nor-
malized skeleton; 7.21 for Al, 1.71 for VI, and 0.12 for FVI.
GS ultrasound imaging of a 55-year-old woman with NTN
(luminal B subtype) shows a hypoechoic mass with irregu-
lar shape, spiculated and microlobulated margin, and poste-
rior echo. Similar to the case shown in Fig. 2a, the mass is
highly vascular throughout. BI-RADS category of the mass
was assessed to be 5 by visual inspection of the images.
The quantitative computerized features for the mass were
93.61 for margin sharpness, 15.66 for margin echogenicity
difference, 1.61 for tortuosity, 0.35 for circularity, 0.25 for
elliptically normalized skeleton; 9.75 for Al, 2.85 for VI,
and 0.28 for FVI.
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(a)

(b)

Fig. 1 Examples of grayscale and color Doppler images of triple-negative breast cancers. a TNBC in a 36-year-old woman; b TNBC in a

49-year-old woman

Quantitative features of images

Table 2 compares the magnitude of the quantitative comput-
erized ultrasound features of all the TN lesions with those of
NTN lesions. Of the various features studied, two margin,
three shape, and three vascularity features showed statisti-
cal difference between the two subtypes (p <0.05). Quali-
tatively, the margin of TN was found to be more sharply
defined than in NTN cases. Quantitatively, both margin
sharpness and margin echogenicity difference confirm
that the margins of TN are better defined than those of the
NTN subtype: MS was 94.37 + 2.39 versus 91.67 + 3.33,
and MED was 16.58 + 3.35 versus 13.80 + 3.35, for TN
versus NTN. The shape features showed TN lesions to be
more regular with smoother margins than NTN lesions.
Mean circularity of TN lesions (0.49 + 0.09) was higher
than that of NTN (0.42 + 0.10) with p =0.0024. Tortuosity,
on the other hand, of TN (1.37 + 0.12) was less than for
NTN (1.49 + 0.16) with p=0.0002. The smaller value of
elliptically normalized skeleton (ENS) in TN (0.20 + 0.03)
compared to NTN (0.23 + 0.04) indicates that NTN shapes
are more complex and irregular (»p =0.0001). The depth-
to-width ratio (DWR) and axis ratio (AR), which to a cer-
tain extent reflect the growth pattern of breast tumors, were
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not found to be statistically different (p > 0.05), indicating
that there was no preferential growth for these two sub-
types. Marked difference in Doppler vascular features was
observed between TN and NTL groups. Color Doppler vas-
cular fraction area (AI), mean flow velocity index (VI), and
flow volume index (FVI) in the lesion were all substantially
lower for TN compared to NTN.

Performance of the diagnostic model

Table 3 summarizes the diagnostic performances of sig-
nificant margin features (margin sharpness, margin echo-
genicity difference), shape features (tortuosity, circularity,
elliptically normalized skeleton), and vascularity features
(velocity index, area index, flow index) used as groups to
characterize TN and NTN subtypes. Of the three feature
groups, margin features performed the best with AUC of
0.73, followed by shape and vascularity groups with AUC
of 0.68 and 0.65, respectively. Each feature group provided
improvement over baseline random performance of AUC of
0.5 (p<0.002). At the operation point defined by the Youden
index, the vascularity feature group was most sensitive
(Se=95.65%) followed by the shape (Se=286.96%) and mar-
gin (Se=60.87%) feature groups. The specificity was highest
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Table 2 Quantitative features of ultrasound images used in differenti-
ating TN and NTN breast cancers

Features TN (mean+SD) NTN (mean+SD) p-value
Margin
MS 94.37+2.39 91.67+3.33 0.0000
MED 16.58 +3.35 13.80+3.35 0.0010
AVM 4.18+1.25 3.79+1.17 0.1847
Shape
DWR 0.72+0.18 0.73+0.17 0.6363
AR 1.57 £0.43 1.53+0.38 0.6661
Tortuosity 1.37+0.12 1.49+0.16 0.0002
Circularity 0.49+0.09 0.42+0.10 0.0024
RV 0.18+0.07 0.19 +0.06 0.8990
ENS 0.20+0.03 0.23+0.04 0.0001
Vascularity
Al (%) 5.70+3.46 7.90+4.94 0.0136
VI (m/s) 1.86+0.55 2.31+0.79 0.0020
FVI (mL/mL) 0.11+0.07 0.20+0.15 0.0001
Age (year) 50.26 +9.64 51.68 +9.37 0.5205

SD standard deviation, TN triple negative, NTN non-triple negative,
MS margin sharpness, MED margin echogenicity difference, AVM
angular variation in margin, DWR depth to width ratio, AR axis ratio,
RV radius variation, ENS elliptically normalized skeleton, A vascular
fraction area, VI mean flow velocity index, F'VI blood flow volume
index

for the margin feature group (Sp =80.34%) followed by the
shape (Sp=63.25%) and vascularity (Sp=38.46%) feature
groups. A marked improvement in AUC was observed when
two feature groups were used together. Combined use of
margin and shape increased the performance from 0.73
and 0.68 for the individual groups to 0.85 (p=0.0421 and
0.0001 respectively, Fig. 3). Similarly, combined use of mar-
gin and vascularity, and shape and vascularity, improved the
performance to 0.78 and 0.78, respectively. When all the
feature groups (margin, shape, and vascularity) were used
together in the diagnostic model, AUC increased to 0.88
with overall sensitivity of 86.96% and specificity of 82.91%,
Fig. 3.

The effect of age on differentiating NTN and TN

Age has often been found to have diagnostic value in dif-
ferentiating malignant and benign masses. When age was
added to the image feature groups, no improvement in per-
formance was observed (Table 4). The predictive accuracy
of the model, as measured by AUC, remained in the range
of 0.67-0.88 when machine learning on age in addition to
shape, margin, and Doppler features (Table 4).

Fig.2 Examples of grayscale and color Doppler images of non-triple-negative breast cancers. a NTN in a 75-year-old woman; b NTN in a

55-year-old woman
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Table 3 Diagnostic performance of machine learning methods for differentiating TN and NTN masses using logistic regression with grayscale

and color Doppler features

Groups Margin Shape CD GS M and S) Margin and CD Shape and CD GS and CD
AUC 0.73 0.68 0.65 0.85 0.78 0.78 0.88

SD 0.06 0.05 0.05 0.04 0.05 0.05 0.04

95% C1 0.65-0.80 0.60-0.76 0.57-0.73 0.78-0.90 0.71-0.85 0.70-0.84 0.82-0.93
Sensitivity (%) 60.87 86.96 95.65 78.26 82.61 82.61 86.96
Specificity (%) 80.34 63.25 38.46 82.05 70.94 62.39 82.91

YI 0.412 0.502 0.341 0.603 0.536 0.450 0.699

p value 0.0001 0.0007 0.0047 <0.0001 <0.0001 <0.0001 <0.0001

CD color Doppler, GS grayscale (margin + shape), AUC area under curve, SD standard error, CI confidence interval, Y/ Youden index
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Fig.3 ROC curves of different feature groups

Discussion

Most TN breast cancers are basal-like subtype tumors,
characteristic of basal epithelial cells, which tend to be
high-grade and more aggressive [7, 18]. These tumors are
commonly believed to be associated with shorter patient
survival, greater local recurrence, and a higher incidence
of visceral and brain metastasis [19]. Furthermore, the
absence of both hormone receptors and HER2 makes
these cancers less susceptible to hormonal therapies like

Tamoxifen, Arimidex, Aromasin, as well as to targeted
therapy such as Herceptin or Tykerb [4, 15, 20]. In addi-
tion, our results showed that BI-RADS commonly used
in clinical practice could not effectively differentiate TN
and NTN subtypes (p =0.17), which is consistent with the
previous findings of Wojcinskiet et al. using ultrasound
(p=0.62, [21]), Krizmanich-Conniffet et al. using mam-
mography (p =0.25 [8]) and Martine Boisserie-Lacroix
et al. using MRI (p =0.06, [9]). Clearly, there is a need to
improve the diagnosis of TN breast lesions. With the rapid
advances in quantitative methods and computer technol-
ogy, machine learning could play an important role in the
diagnosis of TN. Toward this goal, several studies have
focused on differentiating TN and NTN subtypes using
subjective visual inspection of images for diagnosis. Ko
et.al observed TN cancers were more likely to be circum-
scribed (43/75, 57.3%), and markedly hypoechoic (36/75,
48.0%), and less likely to exhibit posterior shadowing
(4/75, 5.0%) on ultrasound images [7]. Krizmanich-Con-
niffet et al. found TN cancer to be mostly irregular, non-
calcified masses with ill-defined or spiculated margins on
mammography, which appeared as hypoechoic or complex
with an irregular shape and non-circumscribed margins on
ultrasound [8]. The studies of Boisserie-Lacroixeet et al.
confirmed TN breast cancers to be more likely circum-
scribed or microlobulated with no posterior acoustic shad-
owing or enhancement on ultrasound. They also observed
TN to often exhibit rim enhancement compared to other
subtypes on MRI [9]. Since TN breast cancers do not have
typical appearance on images, their early diagnosis is often
not straightforward using subjective approaches.

Table 4 The effect of age

. . . Groups Margin ~ Shape  CD GS Margin and CD  Shapeand CD  GS and CD
using machine learning for
the diagnostic performance of AUC 0.73 068 065 085 078 0.78 0.88
grayscale and color Doppler AUC andage  0.73 067 063 085 078 0.77 0.88

features

AUC area under curve, GS grayscale (margin and shape), CD color Doppler
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To overcome subjectivity in the diagnosis of TN breast
cancers, advances in digital image processing, pattern rec-
ognition, and artificial intelligence have been proposed to
increase diagnostic accuracy [6, 11, 22]. The goal of these
methods has been to reduce false positives and false nega-
tives and to avoid unnecessary biopsies and transitional
treatments [11, 13, 16, 17, 23, 24]. Much of the emphasis
of the advanced methods has been on differentiating malig-
nant and benign masses. In this study, we take the next step
of differentiating malignant subgroups TN and NTN using
quantitative ultrasonic features and machine learning. The
results show that the ultrasound features characterizing mar-
gin sharpness (MS), margin echogenicity difference (MED),
tortuosity, circularity (C), elliptically normalized skeleton
(ENS), and vascularity features (Al, VI, and FVI), were sta-
tistically different for the two subtypes. While some feature
like MS, MED, and circularity were greater for TN, other
features like tortuosity, ENS, Al, VI, and FVI were lower
compared to those for NTN. The use of quantitative fea-
tures has not been previously reported and the discussion
that follows compares these quantitative measurements with
the qualitative assessment of the breast images reported in
the earlier studies [7, 9, 25].

It is commonly known that most malignant breast masses
have an irregular shape often characterized by ill-defined,
spiculated, angular margins with posterior acoustic shadow-
ing [5]. However, unlike other malignant masses, quantita-
tive measurement of margin sharpness and margin echo-
genicity show TN masses to be more sharply defined with
significant echogenicity differences between the interior and
immediate exterior of the breast mass. This is consistent
with the previous qualitative observations that TNs are more
likely to have circumscribed or microlobulated margins on
ultrasound [7, 9, 25]. The well-defined appearance of the
TN subtype was considered to be associated with rapid and
aggressive cell proliferation without infiltrating stromal reac-
tion [26, 27]. Contrary to these studies, few studies have also
noted that the TN subtype was accompanied with desmo-
plastic response and inflammation [28], along with irregular
shape, and ill-defined or microlobulated margins on ultra-
sound images [8], possibly due to a low proliferative rate of
the breast tumor, giving sufficient time for stromal interac-
tions and fibroblasts, inflammatory cells and angiogenesis
surrounding the invasive edge [29]. The lower tortuosity
and elliptically normalized skeleton, and greater circular-
ity of the TN subtype observed in this study, indicate that
these masses were uniform, circular or oval in shape, without
significant surface distortions. This is consistent with the
qualitative studies that have noted that TN cancers are more
likely to be regular and round/oval than NTN [9, 26], lacking
angular/spiculated margins [29]. Although there are some
studies reporting the TN subtype to be irregular, especially
in small masses [30], the consensus is that TNs often have

well-circumscribed margin and regular shape, common traits
of benign tumors with rapid cellular proliferation [24, 31,
32].

The grayscale image features described above char-
acterize margin and morphology of the lesions. There is
increasing recognition that angiogenesis, abnormal blood
vessel formation, and changes in blood flow patterns are
often associated with malignant neoplastic changes in breast
lesions, and could therefore provide independent informa-
tion for improving diagnosis [17, 33, 34]. In this study, ultra-
sound Doppler features were measured to assess their role
in improving differentiation of TN from NTN. Three dif-
ferent features characterizing vascular fractional area were
measured: fractional area of flow in the lesion, Al, mean
blood flow velocity, VI, and blood flow index, FVI. The
results showed that all the three vascular features had lower
magnitude for TN compared to NTN. Currently, only a few
studies are available for comparison that report tumor vascu-
larity in the different subtypes. In one study involving 1000
breast cases, Zhang et al. showed lack of vascularity in TN
[35], which is in agreement with lower vascularity observed
in our study. Also the HER2 gene contributes to angiogen-
esis by increasing the expression of vascular endothelial
growth factor [36], which means that the absence of HER2
expression in TN should result in lower vascularity in this
subtype, as observed in this study. Furthermore, TN breast
cancers are often (24—41%) associated with posterior acous-
tic enhancement [37, 38], indicating accumulation of fluid
within the lesion due to tumor necrosis [39] caused by the
rapid proliferation of tumor cells. The necrosis in turn dam-
ages the vascular tissue and lowers vascularity. Thus there
is overwhelming evidence supporting lower vascularity in
TN, consistent with the findings of this study.

Each of the grayscale and vascular features described
above are different for TN and NTN, aiding in the diagno-
sis. Machine learning optimizes the relative weights of these
features to maximize lesion discrimination. Not surpris-
ingly, the features that demonstrated significant difference
yielded the highest correct classification. The diagnostic per-
formance of these features as determined by ROC analysis
was an AUC of 0.88 with 86.96% sensitivity and 82.91%
specificity at Youden index. When only the grayscale fea-
tures were used, the AUC was 0.85 with 78.26% sensitiv-
ity and 82.05% specificity at Youden index. The increase
in diagnostic performance by 3.4% when adding Doppler
features to the model is important, since it becomes more
difficult to improve on performance as AUC approaches the
maximum achievable area of 1 indicating perfect discrimina-
tion. Qualitative studies using ultrasound for differentiating
TN breast cancers from fibroadenoma by visual assessment
showed AUC with grayscale images alone and in combina-
tion with Doppler Ultrasound to be 0.65 and 0.58, respec-
tively. The diagnostic performance increased significantly to
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AUC of 0.87 when ultrasound was used with elastography
[40]. Although there are differences in the study design and
populations between the present and previous studies, the
results consistently demonstrate that machine learning with
quantitative features can achieve a high level of diagnostic
performance, comparable to or exceeding performance of
subjective visual assessment of the images. A closer inspec-
tion of the quantitative features shows the difference in gray-
scale features between TN and NTN to be small, although
statistically significant. While these small differences are
easy to identify with quantitative methods, they may be dif-
ficult to detect reliably by visual inspection.

Several previous studies have found patient age to be a
significant factor in classifying breast masses as malignant
or benign [11]. In this study, we also evaluated whether age
played a role in differentiating TN and NTN, adding patient
age as one of the quantitative features for machine learn-
ing. The inclusion of patient age did not improve diagnosis,
suggesting that triple-negative breast cancers have an equal
likelihood of occurrence across all age groups in which they
are present. This result was consistent with Qi Yang’s study
(46.5 years for TN vs. 49.2 years of or ER+ vs. 50.1 years for
HER2+, p=0.223) [41], and Hai-Yan Du’s study (49 years
for TN vs. 54 years for NTN, p>0.05) [42]. In contrast to
these findings, Krizmanich-Conniff et al. found that TN
breast cancer was more commonly found in younger women
(51.1 years of mean age) than NTN (55.9 years of mean
age) with significant difference of p <0.0001 [8]. Bauer
et al. performed a large-scale study of the California Can-
cer Registry, concluding that the median age for TN cases
(n=6370) was 54 years, significantly less than 60 years for
NTN (n=6370) with p<0.001; and TNs were especially
likely to occur in younger women less than 40 (12.2% vs.
5.7% for NTN, p<0.001) [43]. The reasons for the differ-
ences between studies are not known but could be related to
population selection and size of the study.

The present study is not without limitations. First, tracing
the ROI to define breast masses is user dependent and could
be a source of variability between observers. This problem
could be addressed in the future by computerized segmenta-
tion of masses [24]. The small sample size and retrospective
nature of the study introduces sampling bias. Future pro-
spective studies involving multiple observers and a larger
number of patients are warranted to demonstrate the viability
of the proposed approach in clinical settings.

Conclusion

In summary, using machine learning methods to analyze
ultrasound images of breast masses provided a high level
of differentiation between TN and NTN subtypes compara-
ble to or improving upon standard differentiation by visual

@ Springer

assessments. Future confirmation of this diagnostic tech-
nology could effectively assist the clinician’s diagnosis and
increase diagnostic confidence.
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