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Abstract
Background: Low specificity in current breast imaging modalities leads to increased unnecessary follow-ups and
biopsies. The purpose of this study is to evaluate the efficacy of combining the quantitative parameters of high-definition microvasculature imaging (HDMI) and 2D shear wave elastography (SWE) with clinical factors (lesion depth and
age) for improving breast lesion differentiation.
Methods: In this prospective study, from June 2016 through April 2021, patients with breast lesions identified on
diagnostic ultrasound and recommended for core needle biopsy were recruited. HDMI and SWE were conducted
prior to biopsies. Two new HDMI parameters, Murray’s deviation and bifurcation angle, and a new SWE parameter,
mass characteristic frequency, were included for quantitative analysis. Lesion malignancy prediction models based on
HDMI only, SWE only, the combination of HDMI and SWE, and the combination of HDMI, SWE and clinical factors were
trained via elastic net logistic regression with 70% (360/514) randomly selected data and validated with the remaining
30% (154/514) data. Prediction performances in the validation test set were compared across models with respect to
area under the ROC curve as well as sensitivity and specificity based on optimized threshold selection.
Results: A total of 508 participants (mean age, 54 years ± 15), including 507 female participants and 1 male participant, with 514 suspicious breast lesions (range, 4–72 mm, median size, 13 mm) were included. Of the lesions, 204
were malignant. The SWE-HDMI prediction model, combining quantitative parameters from SWE and HDMI, with
AUC of 0.973 (95% CI 0.95–0.99), was significantly higher than the result predicted with the SWE model or HDMI
model alone. With an optimal cutoff of 0.25 for the malignancy probability, the sensitivity and specificity were 95.5%
and 89.7%, respectively. The specificity was further improved with the addition of clinical factors. The corresponding
model defined as the SWE-HDMI-C prediction model had an AUC of 0.981 (95% CI 0.96–1.00).
Conclusions: The SWE-HDMI-C detection model, a combination of SWE estimates, HDMI quantitative biomarkers
and clinical factors, greatly improved the accuracy in breast lesion characterization.
Keywords: Breast cancer diagnosis, Shear wave elastography, Hybrid high-definition microvessel imaging, Clinical
factors, SWE-HDMI-C detection model, Improved diagnosis accuracy
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Background
Breast ultrasound (US) is commonly used in the evaluation of breast lesions. However, its low specificity leads
to a significant number of benign biopsies [1]. Addition
of US elastography techniques, including shear wave
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elastography (SWE), provides a relative increase in specificity with US for breast cancer detection [2–5]. However,
stiffness is not always a good predictor of malignancy due
to poor shear wave propagation in very stiff lesions and
leads to false negatives for stiffness on SWE [6]. Moreover, not all cancers are stiff [7] and not every stiff lesion
is cancer [8]. Consequently, imaging approaches with
incremental predictive value for tumor proliferation and
aggressiveness are of great importance [9].
Angiogenesis is essential in local tumor growth and
distant metastasis in breast cancer [10]. Invasive breast
cancer is angiogenesis-dependent and the extent of angiogenesis can be used as a prognostic factor [11]. There is
a statistically significant correlation between microvessel density and tumor histological grade [12]. Moreover,
microvessel morphology and its distribution pattern
vary between benign and malignant breast tumors, with
malignant lesions tending to have more permeable and
tortuous vessels [13].
Though Doppler US has the potential to help distinguish malignant from benign tumors [14], it is only sensitive to fast flows, revealing highly fragmented and patchy
images of larger vessels and obscuring structural analysis
of microvessels. Imaging modalities, such as photoacoustic imaging [15], acoustic angiography [16], ultrasound
localization microscopy [17], and most recently, imaging
tumor vasculature at super-resolution scales, have been
investigated [18]. However, photoacoustic imaging may
have limitations for deeper lesions. The requirement for
injection of contrast agents in the latter technologies may
be inconvenient and costly.
Recently, a quantitative high-definition microvasculature imaging (HDMI) approach was developed [19]
to visualize submillimeter vessels as small as 300 µm in
diameter. The HDMI technique is based on contrastfree ultrafast ultrasound imaging that includes vessel enhancement and morphological filtering as well as
quantification of vessel morphological structures [19, 20].
Various quantitative microvasculature morphological
parameters could be obtained with the HDMI technique
[20].
Previous studies combined SWE or strain elastography and color Doppler US to improve the accuracy of
breast cancer diagnosis [21–24]. In this paper, the morphological information of tumor microvessels obtained
by HDMI was first combined with SWE parameters and
clinical factors to detect and characterize breast cancer.
We hypothesized that the morphological parameters of
tumor microvessels are independent from the elasticity
parameters, and their information would complement
each other in breast lesion characterization. The purpose of this study was to evaluate the efficacy of combining the quantitative parameters of high-definition
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microvasculature imaging (HDMI) and 2D shear wave
elastography (SWE) with clinical factors for improving
breast lesion differentiation.

Methods
Participants

This prospective study was approved by our institutional
review board (IRB#: 12–003,329 and IRB#: 19–003,028)
and was Health Insurance Portability and Accountability Act-compliant. From June 1, 2016 through April
1, 2021, 538 participants with suspicious ultrasoundidentified breast lesions and with recommendation
for biopsy were recruited for this study. As expected,
most cases were classified as BI-RADS 4 and 5; however, three of BI-RADS 3 patients included in this study
underwent the biopsy due to patient preference. Volunteers with breast implants or prior mastectomy were
excluded during recruitment. Among them, participants
who underwent a SWE study only or HDMI study only
were excluded from this study. Finally, 508 participants
(mean age, 54 years ± 15), including 507 female participants and 1 male participant, with 514 suspicious breast
lesions were included in this study. A flowchart for the
participant exclusions is shown in Fig. 1. A signed written IRB-approved informed consent with permission for
publication was obtained from each enrolled participant
prior the study. For all the participants, the pathology
results from biopsies served as the reference gold standard and both the SWE study and HDMI study were conducted prior to the biopsy.
SWE

The US examinations were performed by two sonographers with more than 30/11 and 15/11 years of US/SWE
scanning experience, respectively. We used a GE LOGIQ
E9 (LE9) clinical scanner equipped with SWE capability
and a 9L-D linear array transducer (GE Healthcare, Wauwatosa, WI). The sonographer was instructed to minimize the preload as to reduce artifactual stiffness [25].
In a rectangle-shaped field of view, at least six images
were obtained from each lesion. One of the images with
the fewest artifacts was processed. Between one and
three 3-mm-diameter non-overlapping regions of interests (ROIs) were placed on the stiffest position. The
mean shear wave velocity (SWV), maximum SWV, and
minimum SWV for each ROI were calculated by the LE9
system. The averaged SWV values of the ROIs were calculated and converted to elasticity in kilopascals for analysis (E = 3ρV2, where ρ is tissue density and is 1000 kg/
m3 in this study, V is shear wave velocity) and are listed
in the (see Additional file 1: Table S1). Emean and Emax
represent the mean and maximum shear wave elasticity,
respectively. Additionally, mass characteristic frequency
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Fig. 1 Flowchart for the participants. *19 participants were excluded from the SWE study because the SWE study was cancelled due to insufficient
time before biopsy. **11 participants were excluded from the HDMI study (1 was excluded because the scanned lesion was not biopsied, 10 were
excluded because of technical problems with the system). HDMI: high-definition microvasculature imaging. SWE: shear wave elastography

(fmass = Vmin/s, where Vmin is the minimum SWV in m/s
and s is the mass diameter in m), which was introduced
in previous studies [26, 27], was also included in the
analysis.

the tumor microvessels. Microvessel morphometric analysis is shown in Appendix 1. Definition of HDMI parameters are detailed in the (see Additional file 1: Table S1).

HDMI

Mass size (s) and lesion depth (d), measured from
B-mode ultrasound, are shown in Table 1. Histologic
subtype, histologic grade, estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor (HER2) status, and Ki-67 proliferative index
were obtained from biopsy reports. Per ASCO/CAP
guidelines [40], immunohistochemical HER2 scores of 0
and 1 + were considered negative and a score of 3 + was
considered positive. Equivocal HER2 immunostaining (HER2 score of 2 +) underwent fluorescence in situ
hybridization testing for HER2 amplification and was
classified per ASCO/CAP guidelines.

An ALPINION Ecube12-R ultrasound machine, with
high-frame-rate imaging capability (ALPINION Medical
Systems, Seoul, South Korea) with a linear array transducer L3-12H (ALPINION Medical Systems) operating
at 8.5 MHz was used. After identifying breast lesions on
plane-wave B-mode ultrasound, a sequence of high frame
rate data (~ 600 frames per second) was acquired at the
lesion site for a total duration of 3 s. The acquired raw
data were processed using the HDMI method, described
in detail by Bayat et al. and Demené et al. [19, 28].
Morphological parameters [20, 29], including number of vessel (NV), number of branch points (NB), vessel density (VD), vessel diameter (D) and distance metric
(τ), were measured. Moreover, four new parameters,
microvessel fractal dimension (mvFD) [29–31]. Murray’s
deviation (MD) [29, 32–34], bifurcation angle (BA) [29,
35–37], and spatial vascular pattern (SVP) [29, 38], calculated by vessel density ratio (VDR) [29, 32, 34, 39], were
also extracted from the HDMI image for characterizing

Clinical ultrasound and pathologic data

Statistical analysis

Quantitative values were summarized by mean ± standard deviation, while categorical variables were summarized as counts and percentages. Testing for
distributional differences among the quantitative
parameters by lesion malignancy status and tumor
characteristics was performed using the Kruskal–Wallis
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Table 1 Participant demographics, lesion characteristics, and
the summary of quantitative parameters
Benign (N = 310)

Malignant (N = 204)

p valuec

 Femalea

306

200

na

 Malea

0

1

na

49 ± 15

62 ± 13

Sex

Age (y)
s (mm)
d (mm)
SWE parameters
Emean (kPa)
Emax (kPa)
Emin (kPa)
Esd (kPa)
fmass (Hz)
HDMI parameters
NV
NB

14.5 ± 8.7

18.5 ± 12.9

< 0.001
< 0 .001

10.0 ± 6.0

11.0 ± 5.5

.01

24.8 ± 20.4

79.2 ± 37.5

< 0.001

11.7 ± 10.5

31.0 ± 22.2

< 0.001

157.8 ± 94.1

220.0 ± 130.6

< 0.001

50.5 ± 39.8

0.8 ± 0.8

4.6 ± 8.1

2.0 ± 4.7

159.1 ± 67.1

2.6 ± 1.7

15.6 ± 19.8

7.8 ± 12.1

< 0.001
< 0.001

< 0.001
< 0.001

0.03 ± 0.03

0 (254/310)b

0.05 ± 0.04

< 0.001

SVP

1 (113/204)b

< 0.001

Dmax (mm)

429.9 ± 272.3

617.1 ± 228.0

< 0.001

VD

Dmean (mm)
τmax
τmean
BAmax (°)
BAmean (°)
MDmax
MDmean
mvFD

343.3 ± 210.0

428.6 ± 133.1

< 0.001

1.03 ± 0.04

1.04 ± 0.04

< 0.001

134.1 ± 55.0

80.5 ± 44.4

< 0.001

0.15 ± 0.19

0.45 ± 0.28

1.1 ± 0.3

141.6 ± 52.9

0.22 ± 0.29

0.91 ± 0.38

1.2 ± 0.2

103.4 ± 58.1

< 0.001
< 0.001

0.65 ± 0.28

< 0.001

1.18 ± 0.21

< 0.001

< 0.001

Unless otherwise specified, numbers are mean ± standard deviation

HDMI, high-definition microvasculature imaging. SWE, shear wave elastography
ªData are numbers of participants
b

Numbers are percentages

c

Kruskal-Wallis test

test, using the pathology results as the gold standard.
Multivariable prediction models for lesion malignancy
status were trained via elastic-net logistic regression
using R package glmnet. Training was performed using
a random selection of 70% (360/514) of lesions, while
the remaining 30% (154/514) were used for model validation. Participants with two lesions were relegated
to the training set to ensure sample independence for
performance evaluation. Penalty parameter tuning was
performed using tenfold cross-validation within the
training set, with alpha fixed at 0.5. Model discrimination was evaluated in the independent test set using
receiver operating characteristic (ROC) curves based
on predicted malignancy probabilities, while optimal threshold selection for discrimination was determined as the point closet to the point (0, 1) on the ROC

curve. The probability was
calculated with the function:
probability = logit−1 (B + m
i=1 Cm Pm ), where B is a
constant obtained from the elastic-net logistic regression, Pm is the quantitative parameter obtained from
SWE, HDMI or clinical factor, Cm is the coefficient for
the corresponding quantitative parameter obtained
from the elastic-net logistic regression, m is the number of quantitative parameters included in the prediction model, and the logistic function logit −1 is defined
as logit−1 (α) = 1/(1 + exp(−α)) [41].
For each model, we estimated the test-set area under
the curve (AUC), the corresponding 95% confidence
interval (CI), specificity, and sensitivity. Pair-wise comparisons of model performance based on AUC were conducted using DeLong’s test for paired data. All hypothesis
testing was conducted under a two-sided alternative,
where appropriate, and the test results were considered
significant at an alpha level of 0.05. All statistical analyses
were performed using RStudio (R version 4.0.4).

Results
There were 310 benign lesions and 204 malignant lesions
included in this study. Lesion size ranged from 4 to
72 mm, and the median size was 13 mm. Table 2 summarizes the demographic information for all participants.
The corresponding quantitative parameters from SWE
and HDMI are also presented. Stiffness (Emax and Emean)
values were significantly higher for malignant lesions
than for benign lesions. Vessel diameter (Dmax, Dmean)
and number of vessel segments (NV) were significantly
larger for malignant lesions than for benign lesions. Also,
malignant lesions showed significant abnormalities in
microvessel morphological parameters, such as mvFD
[30], NB, VD, τmax, τmean, MDmax, MDmean, BAmax, and
BAmean, highlighting the importance of structural complexity and irregularity of tumor microvessels in addition
to increased vessel density.
Figure 2 summarizes the imaging results from two
malignant and two benign breast lesions using the HDMI
and SWE methods. Figure 2a and b shows the B-mode,
HDMI and SWE image of a small breast cancer with a
mass size of 8 mm and a small benign breast lesion with
a mass size of 8 mm, respectively. Figure 2c and d shows
the B-mode, HDMI and SWE images of a large breast
cancer with mass size of 36 mm and a large benign breast
lesion with a mass size of 21 mm, respectively. Hypervascularity and morphological irregularity revealed in
the HDMI image along with its quantitative parameters,
as well as the SWE estimation, correctly suggested these
lesions shown in Fig. 2a and c, to be malignant. The presence of only a few regularly formed microvessels in the
HDMI image and its quantitative parameters, as well as
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Table 2 Summary of the significant parameters for different malignant grades and molecular subtypes
Emax (kPa)

fmass (Hz)

Dmax (mm)

NV

mvFD

NB

Histologic type
Benign (310)
Fibroadenoma (109)
Benign changes (77)
Fibrocystic changes (30)
Papilloma (28)
PASH (22)
Fat necrosis (18)
Atypical (14)
Duct ectasia (6)
Adenoma (4)
Others (2)
p valuea

49.5 ± 33.8

44.5 ± 38.6

48.6 ± 31.9

51.8 ± 39.2

36.3 ± 28.3

97.1 ± 70.6

51.2 ± 34.3

45.9 ± 20.7

47.9 ± 29.1

103.0 ± 95.8
.03

143.0 ± 64.5

146.4 ± 94.0

171.1 ± 104.4

186.7 ± 88.3

139.8 ± 79.6

203.5 ± 184.1

192.3 ± 105.3

231.8 ± 86.7

99.2 ± 56.2

243.9 ± 71.1
.02

448.6 ± 262.8

356.9 ± 291.6

429.3 ± 282.6

454.0 ± 273.3

438.7 ± 247.5

574.9 ± 106.2

303.4 ± 305.7

501.0 ± 270.8

655.4 ± 165.2

708.5 ± 238.7
.03

5.9 ± 9.8

2.9 ± 5.4

4.4 ± 7.9

3.4 ± 4.2

3.1 ± 3.8

3.9 ± 3.0

5.1 ± 9.9

2.5 ± 2.1

22 ± 22.7

10 ± 11.3
.003

0.92 ± 0.43

0.83 ± 0.38

0.87 ± 0.43

0.95 ± 0.28

0.95 ± 0.27

1.1 ± 0.11

0.75 ± 0.48

0.95 ± 0.19

1.28 ± 0.23

1.24 ± 0.25
.01

2.8 ± 6.2

1.2 ± 2.6

1.7 ± 4.0

1.3 ± 1.8

1.0 ± 1.6

1.5 ± 1.3

2.7 ± 5.6

0.5 ± 0.5

10.5 ± 13.0

7 ± 8.5
.06

Malignant (204)
IDC (136)

161.6 ± 65.1

212.3 ± 124.9

640.9 ± 197.3

15.2 ± 15.9

1.19 ± 0.21

7.4 ± 9.2

IMC with mixed ductal and
lobular features (27)

174.7 ± 68.3

227.8 ± 139.1

593.0 ± 278.2

17.0 ± 18.4

1.16 ± 0.23

8.2 ± 10.1

ILC (24)

168.8 ± 56.2

241.1 ± 128.9

567.6 ± 268.8

14.6 ± 25.0

1.14 ± 0.19

7.3 ± 14.6

DCIS (15)
Other (2)
p valuea

94.6 ± 74.5

154.1 ± 48.5
.55

253.3 ± 172.6

97.2 ± 90.6
.48

503.8 ± 291.7

811.4 ± 142.3
.22

7.3 ± 5.9

100 ± 76.4
.33

1.11 ± 0.23

1.50 ± 0.13
.21

3.7 ± 3.4

69 ± 46.7
.31

Histologic grade
I (54)
II (92)
III (54)
p valuea

139.1 ± 69.2

168.0 ± 66.0

278.5 ± 117.1

220.6 ± 140.7

553.6 ± 244.3

617.7 ± 210.2

7.5 ± 8.3

15.0 ± 16.3

165.8 ± 64.2

155.6 ± 90.8

673.9 ± 233.5

24.1 ± 28.6

155.7 ± 66.4

257.3 ± 120.5

577.0 ± 241.4

10.8 ± 14.2

.05

< .001

.02

< .001

1.10 ± 0.20

1.18 ± 0.18

1.24 ± 0.24
< .001

3.5 ± 4.4

7.3 ± 9.2

12.4 ± 18.3
< .001

Molecular subtypes
Luminal A (76)
Luminal B (HER2-) (58)
Luminal B (HER2 +) (21)

HER2 + (4)

TNBC (20)
p valuea

176.4 ± 61.4

198.4 ± 49.8

169.1 ± 31.5

131.6 ± 65.4
.005

218.2 ± 139.0

136.2 ± 98.4

95.5 ± 33.2

189.3 ± 85.6
< .001

625.5 ± 181.0

727.1 ± 155.5

628.7 ± 149.6

543.2 ± 311.5
.07

15.2 ± 15.7

28.6 ± 32.6

15.8 ± 14.5

13.9 ± 16.3
.002

1.13 ± 0.21

1.18 ± 0.16

1.30 ± 0.13

1.20 ± 0.18

1.11 ± 0.35
.01

5.2 ± 8.0

7.4 ± 9.3

14.5 ± 21.8

7.3 ± 6.4

7.3 ± 10.8
.02

Numbers are mean ± standard deviation, numbers in parentheses are numbers of participants

DCIS, ductal carcinoma in situ. IDC, invasive ductal carcinoma. ILC, invasive lobular carcinoma. IMC with mixed ductal and lobular features, invasive mammary
carcinoma with mixed ductal and lobular features. PASH, pseudoangiomatous stromal hyperplasia. TNBC, triple negative breast cancer

a

Kruskal-Wallis test

SWE estimation, shown in Fig. 2b and d, correctly suggested the lesion to be benign.
Figure 3 presents true positive and true negative results
of quantitative HDMI of breast tumors of which SWE
had false negative and false positive results, respectively.
Increased vessel density with morphological irregularity
as shown in quantitative parameters of HDMI in Fig. 3a,
correctly indicated malignancy for a participant with
a breast mass with size 4 mm and a pathology result of
invasive ductal carcinoma, where the SWE map for this
very small cancer falsely showed low stiffness (false negative with SWE). Furthermore, a few regularly formed

vessels, as shown in Fig. 3b, indicated benignity in a participant with breast mass, 20 mm in size, and pathology
result of a benign pseudoangiomatous stromal hyperplasia, where the SWE map with high stiffness incorrectly
suggested a malignant lesion (false positive with SWE).
Differentiating malignant lesions from benign lesions
with HDMI and SWE individually

The models developed using parameters from HDMI
only and from SWE only were denoted as “HDMI model”
and “SWE model,” respectively. The corresponding ROC
curves are shown in Fig. 4a. NV, NB, VD, SVP, Dmax,
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Fig. 2 Images and panels of the quantitative parameters of quantitative HDMI and SWE of benign and malignant breast masses grouped by small
and large tumor sizes. a B-mode, HDMI image and SWE map of a breast tumor of a 71-year-old woman with metastatic breast cancer. Both the
quantitate HDMI and the SWE suggest this breast tumor to be malignant. b B-mode, HDMI image and SWE map of a breast mass of a 44-year-old
woman with fibroadenoma. Both the quantitate HDMI and the SWE suggest this breast mass to be benign. c B-mode, HDMI image, and SWE map
of a breast tumor of a 63-year-old woman with invasive lobular carcinoma. Both the quantitate HDMI and the SWE suggest this breast tumor to be
malignant. d B-mode, HDMI image, and SWE map of a fibroadenoma of a 21-year-old woman. Both the quantitative HDMI and the SWE suggest this
breast mass to be benign. The dashed-line boundaries in the B-mode and HDMI images represent the lesion border after 2 mm dilatation. HDMI:
high-definition microvasculature imaging. SWE: shear wave elastography

Dmin, τmean, τmax, BAmean, BAmax, MDmean, and FD were
included in the HDMI model. The AUC was 0.912 (95%
CI 0.87–0.96). With an optimal cutoff for the malignancy
probability at 0.25, the sensitivity and specificity were
82.1% (0.70–0.90) and 85.1% (0.75–0.91), respectively.
Emean, Emax, and fmass were included in the SWE. The AUC
was 0.888 (95% CI 0.83–0.95). With an optimal cutoff
for malignancy probability at 0.28, the sensitivity and
specificity were 85.1% (0.74–0.92) and 92.0% (0.84–0.96),
respectively.

Differentiating malignant lesions from benign lesions
with the combination of HDMI, SWE, and Clinical factors

HDMI parameters were first combined with the SWE
parameters, and the model was denoted as the HDMISWE model. NV, NB, VD, SVP, Dmax, Dmin, τmean, τmax,
BAmean, BAmax, MDmean, FD, Emean, Emax, and fmass were
included in the HDMI-SWE model. The AUC (0.973,
95% CI 0.95–0.99) was significantly improved when compared to the HDMI model (p = 0.001) or the SWE model
(p = 0.004). With an optimal cutoff for the malignancy
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Fig. 3 a B-mode, HDMI image and SWE map of a breast tumor of a 40-year-old woman with invasive ductal carcinoma. The HDMI image along
with the morphological parameters is suggestive of malignancy. SWE map and velocity metrics on the side panel shows low stiffness, incorrectly
suggesting the lesion is benign. b B-mode, HDMI image and SWE map of a pseudoangiomatous stromal hyperplasia of a 24-year-old woman. HDMI
image shows a few microvessels along with the morphological parameters, shown on the side panel, and is suggestive of benign mass. SWE map
and velocity metrics on the side panel incorrectly suggest the mass to be malignant. The dashed-line boundaries in the B-mode and HDMI images
represent the lesion border after 2 mm dilatation. HDMI: high-definition microvasculature imaging. SWE: shear wave elastography

probability as 0.25, the sensitivity and specificity were
95.5% (0.87–0.99) and 89.7% (0.81–0.95), respectively.
The AUC was further increased (p = 0.32) when clinical
factors, including age and d, were added to the HDMISWE model. The new model was denoted as the HDMISWE-C model. The corresponding AUC estimate was
0.981 (95% CI 0.96–1.00) and was the highest among the
four models. With an optimal cutoff for malignancy probability at 0.23, the sensitivity and specificity were 95.5%
(0.87–0.99) and 92.0% (0.84–0.96), respectively. Table 3
summarizes the true negative, false positive, true positive, and false negative numbers in each BI-RADS category for different prediction models. There were three
BI-RADS 3 lesions and 31 BI-RADS 5 lesions. HDMISWE and HDMI-SWE-C models successfully classified all lesions in the BI-RADS 3 and 5 categories. There
were 120 lesions with BI-RADS 4 assessments. With the
HDMI-SWE-C model, 80 benign biopsies were successfully captured. However, 3 of the malignant lesions with
BI-RADS score 4 were incorrectly predicted as benign.
All three lesions were small, 10 mm in size. The pathology results indicated the first as IDC with Nottingham
grade I, the second as IDC with Nottingham grade III and
the third as ductal carcinoma in situ (DCIS). Figure 4b
summarizes the ROC curves for breast cancer diagnosis
with different prediction models. Finally, the percentage
of false positive for fat necrosis was 50% (3/6) and the
percentage of false negatives for ductal carcinoma in situ

was 14.3% (1/7). The practical value for the SWE-HDMIC model is shown in Appendix 2.
Stiffness for small lesions is underestimated due to
the relatively large shear wavelength [42, 43]. However,
adding lesion size to the final HDMI-SWE-C prediction
model did not improve the model performance. This
could be because the HDMI used in this study has been
demonstrated to be a more powerful tool for visualizing
deep-seated small vessels [19].
Histologic subtypes and molecular subtypes

Table 2 summarizes the histological subtypes for both the
benign and malignant lesions. Among benign subtypes,
fat necrosis showed higher stiffness, while the HDMI
parameters for fat necrosis, for example, vessel diameter
(Dmax), number of vessels (NV), and number of branches
(NB), were similar to other benign subtypes but were
smaller than the malignant ones.
Based on the clinical biomarker status, invasive
carcinomas were divided into five molecular subtypes according to the St. Gallen criteria, as shown in
Table 2. Table 2 also summarizes the subset of parameters that were significantly associated with different
malignant grades and/or molecular subtypes based on
Kruskal–Wallis testing. Higher tumor grade was significantly associated with higher Dmax, NV, mvFD, NB,
and lower fmass values. Less aggressive subtypes, Luminal A and Luminal B (HER2-), corresponded to lower
Emax, Dmax, NV, NB, and higher fmass values.
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Fig. 4 a ROC curves generated with the HDMI model (dashed-teal), SWE model (solid-black), HDMI-SWE model (solid-teal) and the HDMI-SWE-C
model (solid-black). b Summary of the test-set discrimination performance for the lesion diagnosis with competing prediction models. The HDMI
model consists of quantitative parameters from HDMI only. The SWE model consists of quantitative parameters from SWE only. The HDMI-SWE
model consists of quantitative parameters from both HDMI and SWE. The HDMI-SWE-C model consists of parameters from HDMI, SWE and clinical
factors. HDMI:high-definition microvasculature imaging. ROC: receiver operating characteristic. SWE: shear wave elastography

Supplementary Video 1 (See Additional file 2: Video
S1) illustrates the performance of using NV, FD,
and fmass values for differentiating lower tumor cancer grades (grade I/II) from higher grades of cancers
(grade III), and the corresponding p-values were all
less than 0.001. Supplementary Video 2 (see Additional
file 3: Video S2,) illustrates the performance of using
NV, FD and fmass values for differentiating the less
aggressive molecular subtypes (Luminal A and Luminal B (HER2-) subtypes) from other subtypes, and the
corresponding p-values were 0.002, 0.01 and < 0.001,
respectively.

Discussion
This study investigated the effectiveness of combined
quantitative microvessel biomarkers of HDMI and SWE
parameters with clinical factors for characterization of
breast masses. Our results showed that collective information from independent quantitative parameters of
SWE, which measures tumor stiffness, and HDMI, which
quantifies tumor angiogenesis, increased the accuracy
of differentiation of breast masses with a sensitivity and
specificity of 95.5% (0.87–0.99) and 89.7% (0.81–0.95),
respectively. When combined with the clinical factors
(lesion depth and age) specificity increased to 92.0%
(0.84–0.96) and the sensitivity was kept as 95.5% (0.87–
0.99). Previous strain imaging using the E/B ratio in a
meta-analysis showed a sensitivity of 96% and specificity of 88% [44]. Future studies which include the strain
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Table 3 Summary of the true negative, false positive, true
positive, and false negative for the lesions included in the
validation set with different prediction models
Pathology HDMI SWE HDMI-SWE HDMI-SWE-C
BI-RADS 3
True negative

3

False positive
True positive

0

False negative

3

3

3

3

0

0

0

0

0

0

0

0

0

0

0

0

69

75

73

75

13

7

9

7

31

29

35

35

7

9

3

3

2

2

2

2

0

0

0

0

24

28

29

29

5

1

0

0

BI-RADS 4
True negative

82

False positive
True positive

38

False negative
BI-RADS 5
True negative

2

False positive
True positive
False negative

29

HDMI, high-definition microvasculature imaging. SWE, shear wave elastography

imaging could probably further help increase accuracy in
characterizing breast masses.
Combined SWE and color Doppler ultrasound
increases the specificity of B-mode US [21–23]; however, structural analysis of microvessels using this technique is not possible, as only larger vessels in a form of
fragmented and patchy images are revealed. Further, the
combination of SWE and superb microvascular imaging
(SMI) using the SMI vascular index has shown a relative increase in specificity [45]. However, the SMI technique is not based on microvessel morphology. Rather,
SMI uses a marker derived from pixel count. The HDMI
technique used in this study quantifies more than 10
microvessel morphological parameters to characterize the tumor. To achieve this characterization, HDMI
uses multi-scale vessel enhancement filtering to extract
the tumor microvasculature structures at the submillimeter levels without injecting contrast agents, followed
by a series of advanced algorithms to prepare them for
quantification. When compared to the other techniques
used for characterizing angiogenesis, such as DCE-MRI

and contrast-enhanced mammography, the proposed
modality is noninvasive, quantitative, fast, low-cost, and
portable. The new technique, HDMI, does not require
injection of high-cost contrast agents, which simplifies
its use in routine clinical practice in a truly noninvasive
approach.
In this study, two new microvessel morphological
parameters obtained from HDMI, bifurcation angle (BA)
and Murray’s deviation (MD), were first used for breast
masses differentiation. Our results showed that both
BA and MD were significantly associated with pathology results. Similarly, it has been shown in previous
studies that BA is smaller in invasive carcinomas of the
colon than that in normal tissue [36] and diseased tissue
shows a higher MD [46]. A new shear wave parameter,
fmass, was also used in this study. fmass has previously been
shown to be a discriminating biomarker for breast lesion
malignancy and the status of various immunochemical
biomarkers (ER, PR, HER2 and Ki-67) [26]. The current
study showed that this parameter was also significantly
associated with the pathology results, with benign lesions
demonstrating lower fmass values.
In this study, HDMI was able to capture the microvasculature structures in a breast lesion as small as 4 mm.
It has been shown that formation of new microvessels
toward and within the malignant tumor occurs when a
tumor reaches 2–4 mm in size [10]. While HDMI was
able to visualize and quantify the microvessels in this
very small breast cancer, the SWE map falsely detected
the lesion as benign. In this study, 3 small (< 10 mm)
malignant lesions with BI-RADS score 4 were incorrectly
predicted as benign. This outcome is in agreement with
other studies, showing that SWE has lower sensitivity
for detecting malignant lesions less than 10 mm in diameter, as SWV is underestimated in small lesions < 10 mm,
leading to false negatives [3, 42, 47]. Also, the presence
of calcifications inside a mass and precompression effects
during ultrasound scanning lead to an apparent higher
stiffness [8, 25]. Therefore, addition of quantitative HDMI
may help reduce false negatives/positives of SWE and
provide more accurate characterization of breast masses.
Vessel density alone may not be a good marker for
breast tumor differentiation, because, for example,
increased tumor vascularity has been reported in rapidlygrowing benign lesions such as fibroadenoma, intraductal
papilloma, and variants of adenosis [48]. Herein, quantification of various microvessel morphological features
obtained from HDMI, such as vessel diameter, tortuosity,
complexity, and branching, would provide valuable information for accurate tumor characterization, and, with
the addition of SWE parameters, help distinguish benign
from malignant. Conversely, angiogenesis in breast cancer is heterogeneous and a decreased microvessel density
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at the centers of the malignant breast tumors is commonly seen [49]. In this study, peritumoral distribution
of tumor microvessel was determined by SVP calculation. Hence, the collective independent information of
the two modalities, morphological parameters of tumor
microvessel and the SWE parameters, will help accurate
diagnosis in such cases.
When age and lesion depth were combined with the
SWE and HDMI parameters, we observed a further
increase in discrimination performance with the HDMISWE-C model. Age is a well-known factor in diagnosis of
breast cancer [50]. Lesion depth is an important factor in
prediction modeling because the acoustic signal attenuates significantly in deep-seated lesions [51] and, therefore, degrades the ultrasound-based image.
With the proposed HDMI-SWE-C model, three of the
malignant lesions were incorrectly predicted as benign,
with one Nottingham grade III. This case shows the
limitation of the proposed modality, while the proposed
model could be useful in clinical decision for upgrading
a presumptive BI-RADS 3 lesions to BI-RADS 4 with recommendation for biopsy. As we explain in Appendix 2,
to prevent missed cancer cases, a potential downgrading
will never happen without considering additional imagining modalities, and certainly will be at the discretion of
the radiologist. Further validation, refinement, and testing are needed for eliminating the false negatives and
improving characterization of breast masses.
There are some limitations in this study. First, the current study was performed in one center only. Future multicenter studies with a larger population will be needed
to further validate our findings. Second, participants in
this study all had breast lesions with recommendation for
biopsy; therefore, they did not represent the screening
population. Third, a nonsignificant number of breast cancers are artifactual false negatives due to improper ROI
position selections in the SWE study [52]. Fourth, some
of the quantitative parameters could be overlooked due
to the limitation from 2D microvasculature imaging. Our
on-going work with 3D microvasculature imaging would
be helpful for overcoming this limitation. Furthermore,
in future studies, we will also include patients with suspicious recurrence of breast cancer in the mastectomy site,
to determine the capability of ultrasound microvessel
imaging for characterization of breast masses in challenging situations of post-surgical/reconstruction changes.

Conclusions
The combination of HDMI quantitative microvessel
morphological parameters and SWE elasticity estimates
are synergistic biomarkers for improved breast mass
differentiation. Combining HDMI and SWE with clinical factors (lesion depth and age) further increases this
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accuracy. This study particularly demonstrates the added
value of quantitative microvessel morphological parameters as new biomarkers for improving the specificity as
well as sensitivity in differentiating benign from malignant lesions.

Appendix 1
High‑definition microvasculature imaging and vessel
extraction

The quantitative HDMI approach is based on three major
steps: 1) image formation by recording a large sequence
of images from breast tumor at a high frame rate followed by a series of vessel filtering to enhance the vessels, without injection of a contrast-enhancing agent; 2)
a set of processing steps for morphological filtering and
segmentation that prepares the image for quantification;
and 3) quantification of vessel structures using the quantification tools.
Microvessel morphometric analysis

A ROI was demarcated based on the lesion boundary
obtained from the B-mode ultrasound image. To include
peripheral vascularity, the entire initial ROI was enlarged
by 2 mm. To quantify vessel morphology, vessel skeletons
were extracted from the gross microvasculature images
to construct the full skeleton [20]: converting the microvasculature image (output of Hessian filter) to a binary
image, removing small noise-like objects through an erosion and dilation operation, determining the mid-line
of each vessel, and constructing the full skeleton of the
vessel network [20]. Finding the skeleton is based on a
thinning algorithm [20, 53]. In this approach, vessels are
sequentially thinned, and the midline of each vessel is
determined to construct the skeleton of a vessel network,
which only includes the centerlines of the microvessels
[20]. After these steps, the output image includes the vessel segments. These vessel segments are analyzed to estimate the desired quantitative morphological parameters
of the vessels, which are well described and detailed by
Ghavami et al. and Caresio et al. [20, 29, 38].

Appendix 2
Practical value for the proposed SWE‑HDMI‑C model
for characterization of breast masses

The current study included patients with suspicious
breast masses who were recommended for breast core
needle biopsy. Prior to biopsy, patients participated
in the combined SWE and HDMI evaluations. Malignancy probability was subsequently calculated based
on the parameters obtained from SWE and HDMI
using the SWE-HDMI-C model. With this approach,
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sensitivity was 95.5% (0.87–0.99) and specificity was
92.0% (0.84–0.96).
With additional validation, refinement and testing,
hybrid SWE and HDMI could potentially be utilized as
complementary tools to conventional clinical ultrasound
to improve characterization of breast masses. The proposed malignancy probability score generated by this
approach may add value when determining which findings should be recommended for biopsy. For this purpose, if the malignancy probability score is higher than
the cutoff (0.23 in this study), the algorithm would be
supportive of breast biopsy. If the malignancy probability
score is below the cutoff, the algorithm would be more
supportive of follow up. As such, this model could be
useful in clinical decision making, potentially downgrading a presumptive BI-RADS 4a lesion to BI-RADS 3 with
recommendation for follow-up or upgrading a presumptive BI-RADS 3 lesion to BI-RADS 4 with recommendation for biopsy. Of course, this would be at the discretion
of the radiologist.
Abbreviations
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