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Abstract
Purpose To identify triple-negative (TN) breast cancer imaging biomarkers in comparison to other molecular subtypes using
multiparametric MR imaging maps and whole-tumor histogram analysis.
Materials and methods This retrospective study included 134 patients with invasive ductal carcinoma. Whole-tumor histogram-
based texture features were extracted from a quantitative ADC map and DCE semi-quantitative maps (washin and washout).
Univariate analysis using the Student’s t test or Mann–Whitney U test was performed to identify significant variables for
differentiating TN cancer from other subtypes. The ROC curves were generated based on the significant variables identified
from the univariate analysis. The AUC, sensitivity, and specificity for subtype differentiation were reported.
Results The significant parameters on the univariate analysis achieved an AUC of 0.710 (95% confidence interval [CI] 0.562,
0.858) with a sensitivity of 63.6% and a specificity of 73.1% at the best cutoff point for differentiating TN cancers from Luminal
A cancers. An AUC of 0.763 (95% CI 0.608, 0.917) with a sensitivity of 86.4% and a specificity of 72.2% was achieved for
differentiating TN cancers from human epidermal growth factor receptor 2 (HER2) positive cancers. Also, an AUC of 0.683
(95% CI 0.556, 0.809) with a sensitivity of 54.5% and a specificity of 83.9% was achieved for differentiating TN cancers from
non-TN cancers. There was no significant feature on the univariate analysis for TN cancers versus Luminal B cancers.
Conclusions Whole-tumor histogram-based imaging features derived from ADC, along with washin and washout maps, provide
a non-invasive analytical approach for discriminating TN cancers from other subtypes.
Key Points
•Whole-tumor histogram-based features onMRmultiparametric maps can help to assess biological characterization of breast cancer.
• Histogram-based texture analysis may predict the molecular subtypes of breast cancer.
• Combined DWI and DCE evaluation helps to identify triple-negative breast cancer.
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Abbreviations
ADC Apparent diffusion coefficient
AUC Area under the curve
DCE Dynamic contrast-enhanced imaging
DWI Diffusion-weighted imaging
ER Estrogen receptor
HER2 Human epidermal growth factor receptor 2
IDC Invasive ductal carcinoma
IHC Immunohistochemical
PR Progesterone receptor
SD Standard deviation
SI Signal intensity
TN Triple-negative

Introduction

Breast cancer is a heterogeneous disease that presents with
varied tumor behavior andmay require a variety of therapeutic
interventions to improve the overall outcome [1]. Immunohis-
tochemical (IHC) subtypes including the estrogen receptor
(ER), progesterone receptor (PR), human epidermal growth
factor receptor 2 (HER2), and Ki-67 labeling index are rou-
tinely analyzed to select the appropriate therapy [2]. Triple-
negative (TN) breast cancer, lacking ER, PR, and HER2 re-
ceptors, is an aggressive disease with outcomes inferior to
those of other subtypes [3–5].

Multiparametric magnetic resonance (MR) imaging with
dynamic contrast-enhanced imaging (DCE) and diffusion-
weighted imaging (DWI) has been applied to identify molec-
ular subtype and therapeutic response prediction in patients
with TN cancers [6–8]. Some groups have reported that TN
cancers initially possess a rapid washin enhancement and a
washout pattern and have poor prognostic factors [9, 10].
Moreover, Youk JH et al reported a rim enhancement on
DCE and a higher apparent diffusion coefficient (ADC) value
on DWI that were significantly associated with TN cancers [7].
However, Uematsu et al showed that a persistent enhancement
pattern was significantly associated with TN cancers [11].

Computer algorithms can evaluate the spatial distributions
of pixel gray-levels on medical images, which provide an
imaging-based phenotype [12]. However, for breast MR im-
aging, texture analysis has moved beyond diagnosing cancer
[13, 14] to understanding tumor biology, such as subtype dif-
ferentiation [15–18]. Authors of a pilot study proposed the use
of texture indices from DCE images in differentiating TN
breast cancer from other subtypes of breast cancer [15]. Kim
et al [19] and Choi et al [20] reported that ADC histogram
analysis could facilitate the identification of TN cancers.
However, to our knowledge, no published studies have inves-
tigated the texture analysis using both DCE and DWI images
for the breast cancer subtype classification. Therefore, the
purpose of our study was to determine the feasibility of texture

analysis based on histogram analysis and to compare TN can-
cers to Luminal A cancers, Luminal B cancers, and HER2
positive cancers using quantitative ADC and DCE semiquan-
titative maps (washin and washout).

Materials and methods

Patients

This retrospective study was approved by our institutional
review board, which issued a waiver of informed consent.
The study included a total of 159 consecutive patients with
core needle-biopsy proven invasive ductal carcinoma (IDC).
All patients underwent pre-operative MR examinations with
DCE and DWI sequences between February 2016 and
May 2017. The exclusion criteria included the following: pa-
tients treated with a prior history of malignancy (n = 5), pa-
tients with lesions smaller than 1 cm (n = 16), patients with
artifacts or poor fat suppression on DWI (n = 3), and patients
with body-movement artifact among DCE phases (n = 1). For
the 20 patients with multicentric or multifocal tumors, the
tumors with the largest sizes according to the first phase of
postcontrast images were analyzed. Therefore, a total of 134
women (mean age, 51 years; age range, 24–84 years), with a
total of 134 tumors were enrolled.

MR imaging

MR imaging was performed on a MAGNETOM Skyra 3 T
MR system (Siemens Healthineers, Erlangen, Germany) with
a dedicated 16-channel phased-array breast coil. The breast
MR examinations included a fat-suppressed T2-weighted 2D
fast spin-echo, a T1-weighted 3D gradient-echo, as well as
DWI and DCE protocols in transversal plane.

The DWI was executed before contrast-agent injection
using a fat-suppressed single-shot echo-planar imaging (EPI)
sequence with the following parameters: TR/TE = 3000/
54 ms; field of view = 34 cm; matrix = 220 × 220; slice thick-
ness = 6 mm; interslice gap = 1.5 mm; number of slices = 16;
fat saturation mode of spectral adiabatic inversion recovery
(SPAIR); b value = 0, 400, and 800 s/mm2 with number of
averages = 3, 4, 5 respectively; EPI factor = 96; receive band-
width = 1516 Hz/Pixel; parallel acquisition (GRAPPA) with
acceleration factor of 3; acquisition time = 2:09 min. ADC
map was inline calculated by the scanner integrated Syngo
software (Siemens Healthineers, Erlangen, Germany) using
all b values with a mono-exponential fit.

DCE was obtained using a fat-suppressed T1-weighted
3D fast spoiled gradient-echo sequence before and five
times continuously after the contrast agent injection. A
rapid bolus of gadolinium contrast agent (Magnevist,
Bayer HealthCare Pharmaceuticals Inc., Wayne, USA)
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was injected intravenously at a dose of 0.1 mmol per kilo-
gram of body weight with an injection rate of 2 ml/s
followed by a 20 mL saline flush. The scan parameters
were as following: TR/TE = 4.5/1.6 ms; field of view =
34 cm; flip angle = 10°; matrix = 384 × 384; slice thick-
ness = 1.5 mm; number of slices = 80; duration = 60s.
Pixel-wise washin (the steepness of the ascending curve)
and washout (the steepness of the descending curve) para-
metric maps were inline generated with the Syngo software
after acquisition (the inline postprocessing detail for the
calculation of DCE parametric maps was given in the
supplementary material). Washin and washout were de-
fined in the equations respectively, using the following
equations: washin = [(SImax − SI0) × 100%]/[SI0 × (Tpeak −
Ta r r i v e ) ] , and washout = [(SI l a s t − SImax) × 100%]/
[SImax × (Tend − Tpeak)], where SI0, SImax, and SIlast are the
non-enhanced signal intensity (SI), the maximum contrast-
enhanced SI within 2 min and the last contrast-enhanced
SI, respectively [16, 21]. Tpeak and Tend were defined as the
time points that corresponded to SImax and SIlast. Tarrive was
the time point from the contrast injection to the appearance
of contrast in the breast.

Histogram analysis

Two radiologists (X.T.W. and Z.Q.F. with 2 and 8 years of
experience in breast MR imaging, respectively) who were
blinded to the pathologic results but were aware of the IDC
diagnosis, reviewed the MR images, and the largest lesion
(in case of multicentric or multifocal tumors) was selected
by consensus.

Histogram analysis was performed with the prototype MR
Multiparameter Analysis software (Siemens Healthineers,
Erlangen, Germany) by the radiologist (X.T.W.). The analysis
of ADC map and the DCE-derived parametric maps were
executed separately. The processing workflow included the
following four steps:

a. Data loading. MR data (DWI images with b value of
0 s/mm2, ADCmaps, the first postcontrast images, washin
and washout maps) were loaded to the software.

b. Seed points drawing. For ADC map analysis, foreground
and background seed points were manually drawn inside
and outside of the tumor respectively on the three
multiplane reconstruction (MPR) planes of the ADC
map, with DWI and DCE images as reference. While for
DCE map analysis, the seed points were drawn on the
postcontrast images.

c. Segmentation. The segmentation of the whole tumor was
executed basing on these seed points with a random-
walker algorithm [22]. Manual adjustment for the seg-
mentation was done if necessary. For DCE maps, 3D-
segmented volumes that were created on the postcontrast

images were propagated to washin and washout maps
automatically.

d. Histogram analysis. Histogram analysis for the whole tu-
mor on the parametric maps was performed and the sta-
tistical parameters were extracted, included mean, stan-
dard deviation (SD), median, percentiles (5th and 95th),
skewness (a measure of asymmetry of the probability dis-
tribution), and kurtosis (a measure of the shape of the
probability distribution).

The steps of b, c, and d were illustrated in Fig. 1.

Histopathologic analysis

Axillary lymph node metastasis, and expression statuses of
ER, PR, and HER2 receptor status, and Ki-67 were routinely
recorded. ER status was considered positive if more than 1%
of the nuclei stained positive. Positive HER2 expression was
defined by IHC scores of 3+ or FISH amplification with a
ratio ≥ 2.0. Ki-67 of 14% was considered a positive expres-
sion. The IHC subtype of the tumor was classified as Luminal
A (ER and/or PR positive, HER2 negative, and Ki-67 < 14%),
Luminal B (ER and/or PR positive, HER2 negative, and Ki-
67 ≥ 14% or ER and/or PR positive, HER2 positive, irrespec-
tive of Ki-67 expression), HER2 positive (ER and PR nega-
tive, HER2 positive), and TN (ER negative, PR negative, and
HER2 negative) [2].

Statistical analysis

Descriptive analysis including frequencies for categorical
variables, and mean and range for continuous variables,
was used to present patients’ clinical characteristics. Chi-
square test and analysis of variance were then employed to
compare the differences in clinical characteristics. With the
univariate analyses, the significant feature selection was
performed by the Student’s t test when normally distribut-
ed or Mann-Whitney U test when not normally distributed.
The analysis was repeated four times: TN group vs.
Luminal A group, TN group vs. Luminal B group, TN
group vs. HER2 positive group, and TN group vs. non-
TN group (including Luminal A group, Luminal B group
and HER2 positive group). The receiver operating charac-
teristic (ROC) curves using logistic regression model for
each pair-wise subtype differentiation involving TN group
were generated based on the significant variables identified
from the univariate analysis. In addition, the area under the
curve (AUC), accuracy, sensitivity, and specificity at the
best cutoff point were reported. All analyses were per-
formed using SPSS (version 22; IBM, Armonk, NY,
USA). A p value less than 0.05 was considered a statisti-
cally significant difference.
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Results

Patient characteristics

The clinical pathological characteristics of patients were listed
in Table 1. Of the 134 invasive breast cancers examined in this
study, 22 (16.4%) were TN cancer, 26 (19.4%) were Luminal

A cancer, 68 (50.7%) were Luminal B cancer, and 18 (13.4%)
were HER2 positive cancer (Figs. 2 and 3). The axillary
lymph node involvement status showed significant difference
among breast subtypes (p = 0.007). No significant differences
were found across groups regarding age or menopause status
(p = 0.607 and p = 0.378). There is a significant difference in
the lesion size among groups (p = 0.038).

Fig. 1 Workflow for the histogram analysis (take the histogram analysis for
washinmaps as an example). Foreground and background seed points were
manually drawn inside (green color) and outside (red color) on the three

multiplane reconstruction planes of the postcontrast images (b). The 3D
segmentation created on the postcontrast images was propagated to washin
maps (c). Then, the histogram for washin maps was generated (d)

Table 1 Clinicopathologic
characteristics Characteristic Luminal A

(n = 26)

Luminal B

(n = 68)

HER2 positive

(n = 18)

Triple-negative

(n = 22)

p value

Age 0.607^

˃ 50 years at diagnosis 12 29 8 13
≤50 years at diagnosis 14 39 10 9

Menopausal status 0.378^

Peri- or postmenopausal 11 29 8 14
Premenopausal 15 38 10 8
Unknown 0 1 0 0

Lesion size (mm)* 18 (11–47) 25 (10–80) 21 (10–43) 24 (13–39) 0.038#

Axillary lymph node 0.007^

Negative 21 30 7 13
Positive 5 38 11 9

HER2 human epidermal growth factor receptor 2

The p value listed in italics indicates a significant difference

*Data are means, with ranges in parentheses. The p value with # refers to analysis of variance, and the p values
with ^ refer to chi-square test
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Univariate analysis and performance of subtype
differentiation

The univariate analysis of extracted features is shown in
Table 2, and their performances based on subtype differentia-
tion are shown in Table 3 and Fig. 4.

When comparing the TN group to the Luminal A group, the
ADCSD and ADC95th percentile were significantly higher in the
TN group than those in the Luminal A group (p = 0.015, 0.019,
respectively). In addition, the washin5th percentile (p = 0.029)
was significantly lower in the TN group than those in
Luminal A group. The subtype differentiation between the
TN group and the Luminal A group yielded an AUC of
0.710 (95% CI 0.562, 0.858), an accuracy of 68.8%, a sensi-
tivity of 63.6%, and a specificity of 73.1%.

The TN group compared to the Luminal B group revealed
no significant differences based on the extracted features (p =

0.085–0.107). Of note, a subtype classification between the
TN group and Luminal B group was not performed.

With regard to the differences between the TN group and
the HER2 positive group, the washinmean, washinmedian,
washin5th percentile, and washin95th percentile of the TN group
were significantly lower than those of the HER2 positive
group (p = 0.015, 0.013, 0.020, 0.036, respectively). In ad-
dition, a higher washoutmedian for TN cancers compared to
the HER2 positive cancers was found (p = 0.021). We ob-
tained an AUC of 0.763 (95% CI 0.608, 0.917), an accura-
cy of 80.0%, a sensitivity of 86.4%, and a specificity of
72.2% for the subtype differentiation between the TN
group and the HER2 positive group.

When comparing the TN group to the non-TN group, TN
cancers showed a significantly higher ADCmean relative to the
non-TN group (p = 0.042). In addition, the non-TN groups
had a higher washinmean, washinmedian, and washin5th percentile

Fig. 2 A 46-year-old female with triple-negative breast cancer (a, b, c), a
60-year-old female with Luminal A breast cancer (d, e, f), a 57-year-old
female with Luminal B breast cancer, and a 47-year-old female with
human epidermal growth factor receptor 2 (HER2) positive breast

cancer. DWI with b 800 s/mm2 (a, d, g, j), ADC map overlaid with color
maps of ADC values (b, e, h, k) and histogram of whole-tumor
ADC map (c, f, i, l) of four subtypes
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values (p = 0.034, p = 0.033, p = 0.024, respectively) com-
pared to the TN group. For subtype differentiation between
the TN group and the non-TN group, we obtained an AUC of
0.683 (95% CI 0.556, 0.809), an accuracy of 79.1%, a sensi-
tivity of 54.5%, and a specificity of 83.9%.

Discussion

Our study found that computer-extracted features from ADC
along with washin and washout maps can be assessed as po-
tential biomarkers for identifying TN cancers. Although this is
a preliminary work, whole-tumor histogram-based imaging
phenotypes from MR multiparametric maps may provide a
non-invasive tool for assessing biological characteristics and
heterogeneity of breast cancers.

DWI detects the Brownian motion of water molecules and
provides a quantitative ADC parameter. The ADC closely
reflects the microenvironment of tumor structures, such as
tumor cellularity, water content, the amount of fibrous stroma,
and cell membrane integrity [23]. Recently, ADC has been
used more for identifying molecular subtypes of breast cancer.
However, the results were not in consensus [7, 8, 19, 24, 25],
which might be due to different b values, magnetic field, and
ROI definition (2D or 3D, including or excluding necrosis
portion, et al). Our study found that ADC95th percentile and
ADCSD values of TN tumors were higher than those of
Luminal A tumors. In addition, the ADCmean value of TN
tumors was higher than that of non-TN tumors. A possible
explanation for this finding is that TN tumors were more fre-
quently associated with intra-tumoral necrosis [11, 25]. In our
study, there were 11 of 22 TN tumors exhibiting rim enhance-
ment (intra-tumoral necrosis) on the first postcontrast phase.

Fig. 3 A 46-year-old female with triple-negative breast cancer (a, b, c), a
60-year-old female with Luminal A breast cancer (d, e, f), a 57-year-old
female with Luminal B breast cancer, and a 47-year-old female with
human epidermal growth factor receptor 2 (HER2) positive breast

cancer. The first DCE phase (a, d, g, j), washin map overlaid with color
maps of washin values (b, e, h, k) and histogram of whole-tumor washin
map (c, f, i, l) of four subtypes
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Tumor cellularity can decrease in necrotic areas, resulting in
an increased ADC value [26, 27].

DCE can be used to extract morphologic and kinetic fea-
tures, which have been found to be associated with a different
tumor grade, histologic type, and molecular subtype [28–31].
Established characteristics of malignant breast lesions are a
rapid washin enhancement followed by a washout [32]. In
our study, various washin-related parameters in TN cancers
were significantly lower than those in Luminal A, HER2 pos-
itive, and non-TN cancers, especially in the HER2 positive
group. Washinmean, washinmedian, washin5th percentile, and
washin95th percentile of HER2 positive cancers are also higher
than those of TN cancers. These findings were consistent with
recent studies [31, 33], which showed that the percent volume

of TN breast cancers demonstrating rapid early contrast up-
take was significantly decreased compared to the HER2 pos-
itive subtype. Since HER2 expression correlates with an over-
expression of vascular endothelial growth factor (VEGF),
which can increase angiogenesis [34–36]. Also, tumor hetero-
geneity may influence imaging parameters of the whole vol-
ume analysis. Intra-tumoral necrosis—predominant in TN tu-
mors—may lead to a lower washinmean, washinmedian, and
washin5th percentile values compared to HER2 positive and
non-TN tumors along with a lower washin5th percentile value
compared to luminal A tumors. In addition, researchers found
that TN tumors were significantly associated with a persistent
enhancement pattern [11]. This may explain our findings that
a washoutmedian of TN tumor was higher than that of the HER2
tumor. To our best knowledge, there are no other similar breast
cancer histogram analysis studies that involve washin and
washout values.

TN breast cancer lacks expression of all three receptors
(ER, PR, and HER2) and is known to have biologically and
clinically aggressive features [3]. Biological characteristics
regarding tumor cellularity derived from ADC and contrast
enhancement kinetics from DCE parameters may be used as
potential biomarkers for TN cancer identification. In our
study, the subtype differentiations between TN group and
Luminal A group, between TN group and HER2 positive
group, and between TN group and non-TN group yielded
AUCs of 0.710 (95% CI 0.562, 0.858), 0.763 (95% CI
0.608, 0.917), and 0.683 (95% CI 0.556, 0.809), respectively.

Our study had several strengths because our results indicate
that histogram analysis of MR multiparametric maps for
assessing the biological information and heterogeneity of can-
cer can be potentially used as surrogate imaging markers for
subtype classifications. In addition, semi-automated segmen-
tation and volumetric analysis may mitigate the variability of
manual single-slice or multislices measurements [37, 38].
Finally, inline parametric maps and histogram-based image
features can be understood and interpreted widely by physi-
cians without a high degree of mathematical knowledge.

However, our study had several limitations. First, this is a
retrospective, single-institution study based on a single MR
system. Secondly, the histologic type was limited to only IDC,
and breast cancers with different subtypes were numerically
unbalanced. Also, small tumors with a size less than 1 cm

Table 3 AUC, accuracy,
specificity, and specificity for
differentiating TN from Luminal
A, HER2 positive, and non-TN
breast cancers

TN vs Luminal A TN vs HER2 positive TN vs non-TN

AUC (95% CI) 0.710 (0.562, 0.858) 0.763 (0.608, 0.917) 0.683 (0.556, 0.809)

Accuracy 68.8% 80.0% 79.1%

Sensitivity 63.6% 86.4% 54.5%

Specificity 73.1% 72.2% 83.9%

AUC area under the curve, TN triple-negative,HER2 human epidermal growth factor receptor 2, AUC areas under
the curve, CI confidence interval

Fig. 4 Receiver operating characteristic (ROC) curve for differentiation
of TN group versus Luminal A group using ADCSD, ADC95th percentile,
andwashin5th percentile features, ROC curve for differentiation of TN group
versus HER2 positive group using washinmean, washinmedian, washin5th
percentile, washin95th percentile, and washoutmedian features, ROC curve for
differentiation of TN group versus non-triple-negative group using
ADCmean, washinmean, washinmedian, and washin5th percentile features.
FPR false positive rate, TPR true positive rate, AUC areas under the
curve, TN triple-negative, HER2 human epidermal growth factor
receptor 2
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were excluded due to a relatively large slice thickness and a
limited in-plane resolution of DWI images. Future validation
using readout-segmented DWI [39] with a capability of
assessing smaller lesions is required. Thirdly, the current pro-
cessing workflow is not optimized for clinical routine. To
become more widely adopted, automatic co-registration of
the image contrasts as well as optimized segmentation tools
will be required. Finally, we extracted only the first-order his-
togram-based features. However, previous studies reported
that histogram-based features were ranked higher than the
higher-order texture features [40, 41]. Further studies are re-
quired to compare the performance of histogram-based and
higher-order features for subtype differentiation.

In summary, our study revealed that the whole-tumor his-
togram-based features from the combined use of quantitative
ADC map and DCE semi-quantitative maps (washin and
washout) may provide a more sophisticated biological charac-
terization of breast cancer, which could be potentially useful
for discrimination of breast cancer molecular subtypes.
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