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Abstract 

Background: To evaluate the imaging biomarkers of human epidermal growth factor receptor 2 (HER2) positive 
breast cancer in comparison to other molecular subtypes and to determine the feasibility of identifying hormone 
receptor (HR) status and lymph node metastasis status using volumetric-tumour histogram-based analysis through 
intravoxel incoherent motion (IVIM) and non-Gaussian diffusion.

Methods: This study included 145 breast cancer patients with 148 lesions between January and November in 2018. 
Among the 148 lesions, 74 were confirmed to be HER2-positive. The volumetric-tumour histogram-based features 
were extracted from the combined IVIM and non-Gaussian diffusion model. IVIM and non-Gaussian diffusion param-
eters obtained from images of the subjects with different molecular prognostic biomarker statuses were compared 
by Student’s t test or the Mann–Whitney U test. The area under the curve (AUC), sensitivity, and specificity at the best 
cut-off point were reported. The Spearman correlation coefficient was calculated to analyse the correlations of clinical 
tumor nodule metastasis (TNM) stage and Ki67 with the IVIM and non-Gaussian diffusion parameters.

Results: The entropy of mean kurtosis (MK) was significantly higher in the HER2-positive group than in the HER2-
negative group (p = 0.015), with an AUC of 0.629 (95% CI 0.546, 0.707), a sensitivity of 62.6%, and a specificity of 66.2%. 
For HR status, the MD 5th percentile was higher in the HR-positive group of HER2-positive breast cancer (p = 0.041), 
with an AUC of 0.643 (95% CI 0.523, 0.751), while for lymph node status, the entropy of mean diffusivity (MK) was 
lower in the lymph node positive group (p = 0.040), with an AUC of 0.587 (95% CI 0.504, 0.668). The clinical TNM stage 
and Ki67 index were correlated with several histogram parameters.

Conclusion: Volumetric-lesion histogram analysis of IVIM and the non-Gaussian diffusion model can be used to 
provide prognostic information about HER2-positive breast cancers and potentially contribute to individualized anti-
HER2 targeted therapy plans .
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Background
Breast cancer is the most common malignancy in women 
and is considered potential heterogeneous [1]. Human 
epidermal growth factor receptor 2 (HER2) positivity, 
accounting for approximately 15–20% of breast cancers, 
is defined by HER2 protein overexpression measured by 
immunohistochemistry (IHC) status (IHC3+) or by fluo-
rescence in  situ hybridization (FISH) analysis. The suc-
cess of targeted neoadjuvant therapy such as trastuzumab 
is especially accepted in HER2-positive breast cancer [2]. 
To date, on the basis of the negativity of hormone-recep-
tor (HR) and positivity of lymph node status, dual anti-
HER2 therapy of the combination of trastuzumab and 
pertuzumab was associated with an increased proportion 
of HER2-positive patients achieving a better prognosis 
[3, 4].

Breast magnetic resonance imaging (MRI) is useful 
for detecting breast cancer and guiding treatment plans 
[5, 6]. Diffusion-weighted imaging (DWI) can differ-
entiate benign and malignant breast lesion, to predict 
the response to neoadjuvant chemotherapy (NAC) and 
determine associated prognostic factors [7, 8]. Because 
the putative apparent diffusion coefficient (ADC) did not 
consider either the non-Gaussian water diffusion or the 
random flow of blood in capillaries, intravoxel incoher-
ent motion (IVIM) and non-Gaussian MRI takes into 
account IVIM effects (low b values) and non-Gaussian 
diffusion effects (high b values) to explore the potential of 
perfusion MRI and non-Gaussian distribution. Lima et al. 
[9] first investigated the IVIM and non-Gaussian MRI in 
breast tissue. They reported that combining the two dif-
fusion models as integrated biomarkers can improve the 
diagnostic value for the differentiation between malig-
nant and benign breast lesions without the need for con-
trast medium and may also help understand the tumour 
biology.

Moreover, there has been a growing interest in tex-
ture analysis, which can be used to evaluate tumour het-
erogeneity by measuring the pixel grey-level on medical 
images [10]. Several studies have investigated the use of 
texture parameters from dynamic contrast-enhanced 
(DCE) images in breast cancer [11–13]. In addition, the 
standard ADC histogram analysis for the identification 
of malignant lesions and its relationship to molecular 
prognostic factors were evaluated in recent studies [14–
16]. However, to our knowledge, investigators have not 
determined whether histogram analysis of both IVIM 
and non-Gaussian diffusion could identify HER2-positive 
breast cancer from other subtypes.

Thus, we used volumetric-tumour histogram-based 
analysis through IVIM and non-Gaussian diffusion MRI 
in breast cancer. The aim was to evaluate the imaging bio-
markers of HER2-positive breast cancer in comparison to 

other molecular subtypes and further to determine the 
feasibility of histogram analysis to identify HR status in 
HER2-positive breast cancer.

Materials and methods
Patient population
This prospective study was received approval from the 
Institutional Review Board (1802181-7). Between January 
and November 2018, 154 patients, who were diagnosed 
with breast cancer or suspected of having breast cancer 
underwent breast MRI in preparation to receive NAC. 
No biopsy or previous neoadjuvant treatment was per-
formed before the baseline MRI. The diagnosis of breast 
lesions was confirmed by core needle biopsy and the 
diagnosis of a suspicious lymph node was confirmed by 
ultrasound-guided fine needle aspiration. The exclusion 
criteria included the following: patients with no obvi-
ous lesion detected on MRI (n = 1), with signal quality 
that was too poor to process DWI (n = 2), with pathol-
ogy revealing lymphoma (n = 1), without pathology and 
loss to follow-up (n = 5). Among all the included patients, 
three were confirmed to have bilateral breast cancer. For 
multicentric or multifocal tumours, the tumours with the 
largest sizes according to MRI were analysed. Finally, 145 
patients with 148 lesions were enrolled in this study.

Acquisition of DW images
All MRI was performed on a MAGNETOM Skyra 3 T 
MR system (Siemens Healthineers, Erlangen, Germany) 
using a dedicated 16-channel phased-array breast coil. 
The DWI in axial view was executed before contrast-
agent injection using trace-weighted diffusion images 
(single-shot echo planar imaging) with spectral adiabatic 
inversion recovery for fat suppression were performed 
with the following parameters: b values (0, 10, 20, 50, 100, 
150, 200, 400, 500, 800, 1000, 1500, 2000 s/mm2); repeti-
tion time/echo time, 5600/75 ms; flip angle, 90 degrees; 
field of view, 180 * 300 mm2; matrix, 96 * 200 mm2; slice 
thickness, 5.0  mm; 25 slices without gap; bandwidth, 
1666  Hz; acquisition time, 6  min 21  s; generalized auto 
calibrating partially parallel acquisitions with an accel-
eration factor of 3; EPI factor, 96. The other sequences 
of breast MRI included a T1-weighted 2D gradient-echo 
and a fat-suppressed T2-weighted 2D fast spin-echo, as 
well as a fat-suppressed T1-weighted 3D fast spoiled gra-
dient-echo sequence before and five times continuously 
after the contrast agent injection in the transverse plane, 
but these data were not considered for this study.

Postprocessing of IVIM and non‑Gaussian diffusion data
DWI data were inline calculated by the scanner inte-
grated Syngo software (Siemens Healthineers) accord-
ing to the monoexponential, biexponential and kurtosis 
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models. The monoexponential diffusion model was cal-
culated by the following equation:  Sb = S0 exp (−b* ADC) 
where ADC represents the apparent diffusion coefficient, 
and  S0 and  Sb are the signal intensity values in the vox-
els with b values of 0 and 1000 s/mm2, respectively. The 
bi-exponential model was expressed by the following 
equation:  Sb/S0 = f exp(−b D*) + (1−f ) exp(−b Dt), where 
Dt was the true diffusion, f was the perfusion fraction 
related to microcirculation and D* was the pseudo-diffu-
sion coefficient which represents perfusion-related diffu-
sion or incoherent microcirculation. The b-values used in 
IVIM are generally below 1000 s/mm2 (0, 10, 20, 50, 100, 
150, 200, 400, 500 and 800  s/mm2). The non-Gaussian 
diffusion model was calculated by the following equation: 
 Sb = S0 exp(−bMD + b2MD2 MKapp/6), where MD is 
the mean diffusivity and MK is the dimensionless metric 
mean kurtosis expressing the deviation from the Gauss-
ian distribution. The b-values used in IVIM are gener-
ally high b values (0, 500, 1000, 1500 and 2000  s/mm2). 
Parametric maps, including  ADC1000, Dt, f, D*, MK and 
MD maps, derived from the three diffusion models were 
generated with least squares fitting of all b-value data on 
a voxel-by-voxel basis with software.

Volumetric‑tumour histogram‑based analysis in IVIM 
and non‑Gaussian diffusion parameters
Histogram analysis was performed with the proto-
type MR Multiparameter Analysis software (Siemens 
Healthineers). The analysis of DWI-derived IVIM and 
non-Gaussian diffusion parameter maps were executed 
separately. Regions of interest (ROIs) were placed manu-
ally on the DW images with a b value of 1000 s/mm2, but 
DCE images to assist in locating the lesions and verify-
ing the lesion boundaries. ROIs were placed on all slices 
that contained the whole tumour and the largest lesion 
(in the case of multicentric or multifocal tumours), and 
care was taken to avoid regions influenced by partial vol-
ume effect (Fig. 1). Two radiologists (C.Y. and Y.Q.C. with 
6 and 2 years of experience in breast MRI, respectively) 
were blinded to the pathological and biochemical find-
ings of each patient, and reviewed the MR images and 
draw the ROIs independently. When discrepancy of ROIs 
arose especially for non-mass enhancement lesion, two of 
them together made a consensus of lesion and redraw the 
ROIs later. The mean ROI of lesion for radiologist 1 was 
37.72 ± 77.10, and the mean ROI of lesion for radiolo-
gist 2 was 45.24 ± 84.64. Spearman correlation showed 
ROI of tumour on DW image had good agreement with 
two radiologists (r = 0.835, p < 0.001). Finally, the data 
from the two radiologists’ average measurements were 
analysed.

Histogram analysis for the whole tumour on the para-
metric maps was performed and the parameters were 

extracted, including percentiles (5th, 50th and 95th of the 
ADC value), skewness (a measure of asymmetry of the 
probability distribution), kurtosis (a measure of the shape 
of the probability distribution), contrast (a measure of 
the signal difference) and entropy (a measure of texture 
irregularity).

Histopathological analysis
All pathological results were defined according to the 
World Health Organization classification of breast tumor 
[17]. According to IHC-determined steroid HRs with 
estrogen receptor (ER), progesterone receptor (PR), and 
HER2 status, as well as tumour proliferation measured 
by Ki 67, breast cancer is considered to consist of four 
molecular types: (1) luminal A-like subtype (ER or PR 
positive, or both, HER2 negative, low proliferation); (2) 
luminal B-like subtype (ER or PR positive, or both, HER2 
negative, high proliferation); (3) HER2 subtype, non-
luminal (HER2 positive and ER and PR negative) or lumi-
nal (HER2 positive and ER or PR positive, or both); (4) 
basal-like subtype (HER2 negative and ER and PR nega-
tive; i.e. triple-negative breast cancer) [18].

Statistical analysis
All data were analysed using SPSS 20.0 (Chicago, IL). Val-
ues of p < 0.05 were considered statistically significant. 
Categorical data were compared with the Pearson Chi 
squared test. IVIM and non-Gaussian diffusion param-
eters in the status of molecular prognostic biomarkers 
were compared by Student’s t test when normally distrib-
uted or by the Mann–Whitney U test when not normally 
distributed. Receiver operating characteristic (ROC) 
curve analysis was used to evaluate the effectiveness of 
IVIM and non-Gaussian diffusion parameters for differ-
entiating HER2 positive breast cancer. The area under the 
curve (AUC), sensitivity, and specificity at the best cut-
off point were reported. The Spearman correlation coef-
ficient was calculated to analyse the correlations between 
of clinical TNM stage, and Ki 67 status with IVIM and 
non-Gaussian diffusion parameters.

Results
Patient characteristics
Of the 148 breast cancer lesions in 145 patients, 19 
lesions (12. 8%) were triple-negative subtype, 14 (9. 
5%) were luminal A subtype, 41 (27. 7%) were luminal 
B and HER2-negative subtype, 34 (23%) were luminal 
HER2-positive subtype, and 40 (27%) were non-luminal 
HER2-positive subtype. The clinical characteristics of the 
patients are listed in Table 1.
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Fig. 1 Workflow for the histogram analysis. a Foreground seed points were manually drawn on the axial view of the original ADC map (b 
value = 1000 s/mm2), and on the multiparametric diffusion parameter maps within the same ROI. b The 3D segmentation was created on the three 
multiplane reconstruction planes, and DCE images were accessed to verify the lesion boundaries
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Histogram analysis to differentiate HER2‑positive breast 
cancer
There were 74 HER2-positive lesions and 74 HER2-nega-
tive lesions. Of all the histogram analyses of the IVIM and 
non-Gaussian diffusion parameters, only MK entropy 
was significantly higher in the HER2-positive group 
(1.39 ± 0.47) than in HER2-negative group (1.20 ± 0.45, 
p = 0.015) (Fig.  2a). The HER2 subtype differentiation 
yielded an AUC of 0.629 (95% CI 0.546, 0.707), a sensitiv-
ity of 62.6%, and a specificity of 66.2% (Fig. 2b). The other 
histogram parameters did not show a significant differ-
ence between HER2-positive and HER2-negative groups, 
which are detailed in the Additional file 1: table.

Histogram analysis to differentiate HR status and lymph 
node metastasis status in HER2‑positive breast cancer
For HR status, there were 34 HR-positive HER2-posi-
tive lesions and 40 HR-negative HER2-positive lesions. 
The MD 5th percentile was higher in the HR-posi-
tive group (850.12 ± 129.74) than in the HR-negative 

group within the HER2-positive breast cancer patients 
(804.12 ± 144.58, p = 0.041) (Fig.  3a). The HR differen-
tiation yielded an AUC of 0.643 (95% CI 0.523, 0.751), a 
sensitivity of 72.22%, and a specificity of 57.89% (Fig. 3b).

For lymph node status, the MD entropy was lower 
in the lymph node positive group (2.20 ± 0.25) than in 
the lymph node-negative group (2.98 ± 0.15, p = 0.040) 
(Fig. 4a). Lymph node differentiation yielded an AUC of 
0.587 (95% CI 0.504, 0.668), a sensitivity of 37.5%, and 
a specificity of 85% (Fig.  4b). The other IVIM and non-
Gaussian diffusion parameters showed no significant dif-
ference in the differentiation of HR status or lymph node 
status in HER2-positive breast cancer, which are also 
detailed in the Additional file 1: table. The performances 
based on subtype and lymph node differentiation are 
shown in Fig. 5.

IVIM and non‑Gaussian diffusion parameters correlation 
with clinical TNM stage and Ki 67 index
The clinical TNM stage positively correlated with ADC 
skewness with an r of 0.28 (p = 0.000) and ADC kurtosis 

Table 1 Clinicopathological characteristics between the HER2- positive and HER2-negative groups

Numerical data are presented as the mean ± SD. Nonnumerical data are presented as the number of patients (percentage). The p value was analysed between HER2-
negative group and the HER2-positive group

HER2 human epidermal growth factor receptor 2, cTNM clinical TNM stage

Variable Overall (n = 148) HER2(−) (n = 74) HER2(+) (n = 74) p value

Age (year) 49.68 ± 10.64 50.47 ± 11.15 49.04 ± 10.11 0.414

Diameter (cm) 3.42 ± 1.37 3.35 ± 1.20 3.48 ± 1.52 0.736

Affected side

 Right 64 (43.2) 30 (40.5) 34 (45.9) 0.507

 Left 84 (56.4) 44 (59.5) 40 (54.1)

T stage

 1 9 (6.0) 5 (6.7) 4 (5.4) 0.235

 2 55 (37.2) 26 (35.1) 29 (39.2)

 3 30 (20.3) 11 (14.9) 19 (25.7)

 4 54 (36.5) 32 (43.2) 22 (29.7)

N stage

 0 20 (13.5) 11 (14.9) 9 (12.1) 0.967

 1 64 (43.2) 31 (41.9) 33 (44.6)

 2 26 (17.6) 13 (17.5) 13 (17.6)

 3 38 (25.7) 19 (25.7) 19 (25.7)

M stage

 0 136 (91.9) 68 (91.9) 68 (91.9) 1.00

 1 12 (8.1) 6 (8.1) 6 (8.1)

cTNM

 1 4 (2.7) 2 (2.7) 2 (2.7) 0.685

 2 44 (29.7) 25 (33.8) 19 (25.7)

 3 79 (53.4) 36 (48.6) 43 (58.1)

 4 21 (14.2) 11 (14.9) 10 (13.5)

Ki 67

0.37 ± 0.20 0.35 ± 0.23 0.38 ± 0.18 0.360
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with an r of 0.21 (p = 0.006). Statistically, Ki 67 was nega-
tively correlated with the 50th percentile and 95th per-
centile of ADC, 95th percentile of Dt, and the skewness 
and kurtosis of f, with r values of − 0.23 (p = 0.005), 
− 0.24 (p = 0.004), − 0.21 (p = 0.019), − 0.20 (p = 0.020) 
and − 0.25 (p = 0.004), respectively. Ki 67 was positively 
correlated with kurtosis of ADC, 50th percentile, 95th 
percentile and contrast of f, and with 5th percentile of 

MK, with r values of 0.19 (p = 0.020), 0.22 (p = 0.017), 
0.20 (p = 0.013), 0.23 (p = 0.020) and 0.18 (p = 0.025), 
respectively (Table 2).

Discussion
Our study found that histogram parameters of MD and 
MK from non-Gaussian diffusion maps can be used as 
potential biomarkers for differentiating HER2-positive 

Fig. 2 a Boxplots illustrating a comparison of MKentropy indexes between the HER2-positive and HER2-negative groups. b Receiver operating 
characteristic (ROC) curve for the differentiation of HER2-positive and HER2-negative groups using MK entropy for the entire tumour volume

Fig. 3 a Boxplots illustrating a comparison of MD 5th percentile indexes between HR-positive and HR-negative groups within the HER2 positive 
breast cancer patients. b Receiver operating characteristic (ROC) curve for differentiating HR status using MD 5th percentile for the entire tumour 
volume
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subtypes and further for identifying the HR status and 
lymph node metastasis status in HER2-positive breast 
cancers. In the present study, the volumetric-tumour 
histogram parameters were also performed to assess the 
correlations with clinical TNM stage and Ki 67 in HER2-
positive subtypes, such as the 50th, 95th percentile, 
skewness and kurtosis of ADC and f values, the 95th per-
centile of Dt value, the 5th percentile of MK value.

Technically, this study is the first to investigate the 
performance of volumetric-tumour histogram-based 
analysis on parameters derived from combined IVIM 
and non-Gaussian diffusion models. Due to the simplic-
ity and ubiquity of the single component in DWI model, 
there has been increased use of advanced DWI tech-
niques to assess the applicability to cancer diagnosis [8, 
19–21]. Lima et al. first proposed the approach of com-
bined IVIM and non-Gaussian diffusion MRI to better 
differentiate benign and malignant breast tumours; how-
ever, they did not further assess this combined advanced 
DWI model by histogram analysis [6, 9, 22–24]. Some 
other studies have investigated the heterogeneity of 
breast cancer using histogram analysis, which can poten-
tially provide additional information beyond the mean 
values of ADCs, such as the skewness and kurtosis of the 
parameter distributions [25, 26]. Thus, the method of our 
study was based on the histogram-based analysis of the 
combined IVIM and non-Gaussian diffusion.

Our study was designed to mainly investigate HER2-
positive breast cancer. Most previous DWI studies have 
mainly focused on ways to improve cancer detection and 

diagnosis, because malignant lesions are more cellular 
and vascular than benign entities [7, 8, 27]. Additionally, 
a few studies have focused on the relationship of DWI 
parameters with prognostic factors in breast cancer [28, 
29]. A key finding in these reports is a significantly lower 
ADC value and lower ADC percentiles value in HR-posi-
tive tumours, which is speculated to be related to a lower 
perfusion contribution. However, no significant correla-
tion was observed between HER2 status and the mean 
value of IVIM and non-Gaussian diffusion parameters. 
To date, a lack of evidences or studies further using a his-
togram analysis of advanced DWI models were applied to 
differentiate HER2 status especially, noting that under-
standing the heterogeneity of HER2-positive breast can-
cer can better guide targeted treatment. In our study, 
all the average values of ADC, IVIM and non-Gaussian 
diffusion showed no significant difference in HER2 sta-
tus differentiation, which was in line with the findings 
of Lima et  al. [23]. Partially different from the findings 
of Kim et  al. and Martincich et  al., they reported that 
higher ADC value were common seen in HER2-positive 
tumours due to the effect of higher tumour blood flow 
and an increased volume of extracellular fluid [14, 30]. 
Furthermore, the entropy of MK from histogram param-
eters was significantly higher in the HER2-positive group 
than in the HER2-negative group. The possible explana-
tion was that the higher entropy of MK, represented the 
increased heterogeneity, was associated with increased 
angiogenesis and necrosis through induction of vascu-
lar endothelial growth factor (VEGF) caused by HER2 

Fig. 4 a Boxplots illustrating a comparison of MD entropy indexes between the lymph node-positive and -negative groups within HER2 positive 
breast cancer patients. b Receiver operating characteristic (ROC) curve for differentiating lymph node status using MD entropy for the entire 
tumour volume
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Fig. 5 A 48-year-old female with human epidermal growth factor receptor 2 (HER2)-positive breast cancer, with hormone receptor (HR) -negative 
status and lymph node -positive status. a The 3D segmentation of the lesion was created on the three multiplane reconstruction planes, and 
DCE images were accessed to verify the lesion boundaries. b MK and MD maps overlaid with colour maps of ADC values and the histogram of 
whole-tumour MK and MD maps. The MK entropy was 1.83, the MD 5th percentile was 776.64 and the MD entropy was 2.13
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expression [31, 32]. Therefore, our findings revealed that 
the entropy of MK derived from histogram analysis can 
identify HER2-positive subtypes, which were essential for 
guiding the targeted therapy of trastuzumab.

Owing to the new results of the APHINITY study, tras-
tuzumab combined with pertuzumab has been shown to 
be more effective than trastuzumab alone, especially in 
patients with HR-negative and lymph node-positive sta-
tus [33]. Thus, to select suitable patients for dual-target 
treatment among HER2-positive breast cancer patients, 
we further investigated the feasibility of histogram anal-
ysis for differentiating the HR receptor and lymph node 
statuses. Our study found that the 5th percentile of MD 
was lower in the HR-negative group and that the entropy 
of MD was lower in the lymph node-positive group. For 
HER2-positive patients, the status of HR-negative and 
lymph node-positive may result in a more aggressive 
tumours and higher risk for recurrence and metastasis 
[34]. The lower value of the 5th percentile and entropy 
derived from the MD of the non-Gaussian diffusion 
model represents a decrease in the overall water mole-
cule diffusion and an increase in the diffusion resistance. 
Kim et al. [35] also found that lower tumour ADC values 
were associated with the presence of lymph node metas-
tasis in invasive ductal carcinoma, which was partially in 
line with our findings because MD was corrected by non-
Gaussian distribution. Lower histogram indexes from 
ADC value were related to increased microenvironmen-
tal stiffness that may reflect a restriction of water diffu-
sion in a breast tumour.

Furthermore, our study investigated the relationship 
between histogram parameters and clinical TNM stage, 
as well as the Ki 67 index. Our results showed a positive 
correlation between the clinical TNM stage and tumour 
skewness and kurtosis of ADC values, which were con-
sistent with previous observations [27]. High-grade 
tumours are characterized by the absence of tubule and 

gland formation, marked variation of nuclear pleomor-
phism, and high mitotic counts. These changes represent 
the increasing tissue complexity at the microstructural 
level, thereby manifesting higher kurtosis and skewness 
of ADC in tumour. Additionally, we further reported the 
correlation between multiparametric DWI parameters 
and Ki 67 index. Partially consisted with previous obser-
vations, a high Ki 67 index was related to significantly 
lowered 50th percentile and 95th percentile of ADC val-
ues, 95th percentile of Dt value and to skewness and kur-
tosis of f value [14, 29]. Meanwhile, our study also found 
several other histogram parameters that are positively 
correlated with the Ki 67 index, such as kurtosis of ADC, 
50th percentile, 95th percentile and contrast of f, and 
with 5th percentile of MK. As we known, the Ki-67 index 
is correlated with a high mitotic count and recurrent dis-
ease and can be considered as a marker evaluating the 
degree of cellularity. Some membrane activity between 
cells might contribute to DWI parameter behavior. 
These findings still need further studies to better under-
stand the special clinical significance of these histogram 
parameters.

There are several limitations in this study. First, for 
multicentric or multifocal tumours, small lesions with a 
diameter less than 5  mm were not included due to the 
slice thickness and limited resolution of DWI. Readout-
segmented DWI is required to assess smaller lesions in 
further studies. Second, only the first-order histogram-
based features of DWI were extracted in this study. Even 
though a few features were found to be significant, the 
AUC values were not high enough. More extensive obser-
vations of these relationships are needed to confirm these 
findings according to increase the number of samples. 
The histogram-based features of DCE images and T2WI, 
as well as the higher-order texture features, are still war-
ranted. Meanwhile, based on the current findings of 
these statistical indexes, the future study hopes to expand 

Table 2 Spearman’s correlation coefficients (r) of  clinical TNM stage, Ki 67 and  with  combined IVIM and  non-Gaussian 
diffusion parameters

ADC apparent diffusion coefficient, Dt true diffusion coefficient, f perfusion fraction diffusion, D* pseudo-diffusion coefficient, MK mean kurtosis, MD mean diffusivity

*p < 0.05 was considered statistically significant

ADC Dt f D* MK MD

cTNM Ki67 cTNM Ki67 cTNM Ki67 cTNM Ki67 cTNM Ki67 cTNM Ki67

50th − 0.61 − 0.23* − 0.04 − 0.11 0.04 0.22* − 0.14 − 0.06 0.02 0.14 − 0.05 − 0.60

5th − 0.23 − 0.14 − 0.02 − 0.08 0.04 0.13 − 0.04 0.01 0.05 0.18* − 0.02 − 0.13

95th − 0.40 − 0.24* − 0.07 − 0.21* 0.04 0.20* − 0.12 − 0.01 0.03 0.07 − 0.10 − 0.05

Skewness 0.28* 0.11 0.12 0.16 − 0.02 − 0.20* 0.05 − 0.01 − 0.12 − 0.07 0.16 − 0.04

Kurtosis 0.21* 0.19* 0.04 0.09 − 0.01 − 0.25* 0.09 − 0.02 − 0.12 − 0.13 0.06 − 0.01

Contrast − 0.13 − 0.12 − 0.12 − 0.03 − 0.02 0.23* − 0.10 − 0.02 0.01 0.12 − 0.01 0.12

Entropy − 0.14 − 0.13 − 0.01 − 0.04 0.113 0.06 − 0.02 0.21 0.024 0.11 0.05 − 0.12
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the sample size in order to make the trend more obvi-
ous and improve the diagnostic efficiency. Third, most 
of the patients in this study received NAC, and follow-
up MRI examinations were still being performed. This 
study focused on the histogram-based features of HER2-
positive breast cancer. The diagnostic value of histogram 
features to predict the response to NAC is needed in the 
future.

Conclusion
In conclusion, volumetric-lesion histogram analysis of 
IVIM and non-Gaussian diffusion, especially for the 
non-Gaussian diffusion model, may be useful in provid-
ing prognostic information about HER2-positive breast 
cancers, thus potentially contributing to individualized 
anti-HER2 targeted therapy plans and might play an 
important role in evaluating the NAC response. Further 
studies still are needed.

Additional file

Additional file 1. All the parameters of histogram analysis for the whole 
tumour in different groups.

Acknowledgements
We thank all the patients of this study for their participation. We greatly 
appreciate Xiaoxin Hu, Lei Yue and Min Qian at Department of Radiology for 
their excellent assistance.

Authors’ contributions
CY designed the case–control study used for this analysis, did the literature 
review, interpreted the results, and drafted the manuscript. CY, WZ and 
JL collected the data and were responsible for quality control of data and 
interpretation. WY reviewed all the pathologic specimens and collected the 
pathologic images. CY and YC was involved in the statistical analysis and 
interpreted the results. YG interpreted the results and edited the manuscript. 
WP edited and finalized the manuscript. Publication is approved by all authors. 
All authors read and approved the final manuscript.

Funding
This project was supported by the grants from The National key research and 
development program of China (Grant No. 2016YFC1303003), The National 
natural science foundation of China (Grant No. 61731008), Youth project of 
Shanghai Municipal Planning Commission of science and Research Fund 
(Grant No. 20184Y0010) and Cancer research program of national cancer 
center (Grant No. NCC2017A03).

Availability of data and materials
The datasets generated during the current study are not publicly available due 
to the patient confidentiality but are available from the corresponding author.

Ethics approval and consent to participate
The institutional review board approved this prospective study and waived 
the informed consent requirement.

Consent for publication
Consent for publication was obtained.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Department of Radiology, Fudan University Cancer Center, Department 
of Oncology, Shanghai Medical College, Fudan University, No. 270, Dongan 
Road, Shanghai 200032, People’s Republic of China. 2 Department of Breast 
Surgery, Key Laboratory of Breast Cancer in Shanghai, Fudan University Shang-
hai Cancer Center, Department of Oncology, Shanghai Medical College, Fudan 
University, Shanghai, People’s Republic of China. 3 Department of Ultrasound, 
Fudan University Cancer Center, Department of Oncology, Shanghai Medical 
College, Fudan University, Shanghai, People’s Republic of China. 4 Department 
of Pathology, Fudan University Shanghai Cancer Center, Department of Oncol-
ogy, Shanghai Medical College, Fudan University Shanghai, Shanghai, People’s 
Republic of China. 

Received: 7 February 2019   Accepted: 8 May 2019

References
 1. Harbeck N, Gnant M. Breast cancer. Lancet. 2017;389(10074):1134–50.
 2. Loibl S, Gianni L. HER2-positive breast cancer. Lancet. 

2017;389(10087):2415–29.
 3. Baselga J, Swain SM. CLEOPATRA: a phase III evaluation of pertuzumab 

and trastuzumab for HER2-positive metastatic breast cancer. Clin Breast 
Cancer. 2010;10(6):489–91.

 4. Yu S, et al. Development and clinical application of anti-HER2 monoclo-
nal and bispecific antibodies for cancer treatment. Exp Hematol Oncol. 
2017;6:31.

 5. Schnall MD, et al. Diagnostic architectural and dynamic features at breast 
MR imaging: multicenter study. Radiology. 2006;238(1):42–53.

 6. Dietzel M, Baltzer P. How to use the Kaiser score as a clinical decision rule 
for diagnosis in multiparametric breast MRI: a pictorial essay. Insights 
Imaging. 2018;9(3):325–35.

 7. Partridge SC, McDonald ES. Diffusion weighted magnetic resonance 
imaging of the breast: protocol optimization, interpretation, and clinical 
applications. Magn Reson Imaging Clin N Am. 2013;21(3):601–24.

 8. Partridge SC, et al. Diffusion-weighted breast MRI: clinical applications 
and emerging techniques. J Magn Reson Imaging. 2017;45(2):337–55.

 9. Iima M, et al. Quantitative non-Gaussian diffusion and intravoxel incoher-
ent motion magnetic resonance imaging: differentiation of malignant 
and benign breast lesions. Invest Radiol. 2015;50(4):205–11.

 10. Parekh VS, Jacobs MA. Integrated radiomic framework for breast cancer 
and tumor biology using advanced machine learning and multiparamet-
ric MRI. NPJ Breast Cancer. 2017;3:43.

 11. Kim JH, et al. Breast cancer heterogeneity: MR imaging texture analysis 
and survival outcomes. Radiology. 2017;282(3):665–75.

 12. Kim JJ, et al. Computer-aided diagnosis-generated kinetic features of 
breast cancer at preoperative MR imaging: association with disease-free 
survival of patients with primary operable invasive breast cancer. Radiol-
ogy. 2017;284(1):45–54.

 13. Saha A, et al. A study of association of oncotype DX recurrence score with 
DCE-MRI characteristics using multivariate machine learning models. J 
Cancer Res Clin Oncol. 2018;144(5):799–807.

 14. Kim EJ, et al. Histogram analysis of apparent diffusion coefficient at 3.0t: 
correlation with prognostic factors and subtypes of invasive ductal carci-
noma. J Magn Reson Imaging. 2015;42(6):1666–78.

 15. Leithner D, et al. Imaging and the completion of the omics paradigm in 
breast cancer. Radiologe. 2018;58(Suppl 1):7–13.

 16. Aydin H, et al. Is there any relationship between adc values of diffusion-
weighted imaging and the histopathological prognostic factors of 
invasive ductal carcinoma? Br J Radiol. 2018;91(1084):20170705.

 17. Lebeau A, et al. Invasive breast cancer: the current WHO classification. 
Pathologe. 2014;35(1):7–17.

 18. Goldhirsch A, et al. Strategies for subtypes–dealing with the diversity of 
breast cancer: highlights of the St. Gallen International Expert Consen-
sus on the Primary Therapy of Early Breast Cancer 2011. Ann Oncol. 
2011;22(8):1736–47.

 19. Nogueira L, et al. Application of the diffusion kurtosis model for the study 
of breast lesions. Eur Radiol. 2014;24(6):1197–203.

https://doi.org/10.1186/s12967-019-1911-6


Page 11 of 11You et al. J Transl Med          (2019) 17:182 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your research ?  Choose BMC and benefit from: 

 20. Wang Y, et al. Optimization of the parameters for diffusion tensor mag-
netic resonance imaging data acquisition for breast fiber tractography at 
1.5 T. Clin Breast Cancer. 2014;14(1):61–7.

 21. Liu C, et al. Intravoxel incoherent motion MR imaging for breast 
lesions: comparison and correlation with pharmacokinetic evalu-
ation from dynamic contrast-enhanced MR imaging. Eur Radiol. 
2016;26(11):3888–98.

 22. Iima M, et al. Variability of non-Gaussian diffusion MRI and intravoxel 
incoherent motion (IVIM) measurements in the breast. PLoS ONE. 
2018;13(3):e0193444.

 23. Iima M, et al. Intravoxel incoherent motion and quantitative non-Gauss-
ian diffusion MR imaging: evaluation of the diagnostic and prognostic 
value of several markers of malignant and benign breast lesions. Radiol-
ogy. 2018;287(2):432–41.

 24. Iima M, et al. Intravoxel incoherent motion (IVIM) and non-Gaussian diffu-
sion MRI of the lactating breast. Eur J Radiol Open. 2018;5:24–30.

 25. Cho GY, et al. Evaluation of breast cancer using intravoxel incoherent 
motion (IVIM) histogram analysis: comparison with malignant status, 
histological subtype, and molecular prognostic factors. Eur Radiol. 
2016;26(8):2547–58.

 26. Liu C, et al. Breast lesion characterization using whole-lesion histogram 
analysis with stretched-exponential diffusion model. J Magn Reson Imag-
ing. 2018;47(6):1701–10.

 27. Sun K, et al. Breast cancer: diffusion kurtosis MR imaging-diagnostic 
accuracy and correlation with clinical-pathologic factors. Radiology. 
2015;277(1):46–55.

 28. Lee YJ, et al. Intravoxel incoherent motion (IVIM)-derived parameters in 
diffusion-weighted MRI: associations with prognostic factors in invasive 
ductal carcinoma. J Magn Reson Imaging. 2017;45(5):1394–406.

 29. Choi SY, et al. Correlation of the apparent diffusion coefficiency values on 
diffusion-weighted imaging with prognostic factors for breast cancer. Br J 
Radiol. 2012;85(1016):e474–9.

 30. Martincich L, et al. Correlations between diffusion-weighted imaging and 
breast cancer biomarkers. Eur Radiol. 2012;22(7):1519–28.

 31. Leek RD, et al. Necrosis correlates with high vascular density and focal 
macrophage infiltration in invasive carcinoma of the breast. Br J Cancer. 
1999;79(5–6):991–5.

 32. Gilmer TM, et al. Impact of common epidermal growth factor receptor 
and HER2 variants on receptor activity and inhibition by lapatinib. Cancer 
Res. 2008;68(2):571–9.

 33. Bartsch R, Bergen E. ASCO 2018: highlights in HER2-positive metastatic 
breast cancer. Memo. 2018;11(4):280–3.

 34. Giordano SH, et al. Systemic therapy for patients with advanced human 
epidermal growth factor receptor 2-positive breast cancer: American 
Society of Clinical Oncology clinical practice guideline. J Clin Oncol. 
2014;32(19):2078–99.

 35. Kim JY, et al. Early-stage invasive ductal carcinoma: Association of tumor 
apparent diffusion coefficient values with axillary lymph node metastasis. 
Eur J Radiol. 2015;84(11):2137–43.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	The volumetric-tumour histogram-based analysis of intravoxel incoherent motion and non-Gaussian diffusion MRI: association with prognostic factors in HER2-positive breast cancer
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Materials and methods
	Patient population
	Acquisition of DW images
	Postprocessing of IVIM and non-Gaussian diffusion data
	Volumetric-tumour histogram-based analysis in IVIM and non-Gaussian diffusion parameters
	Histopathological analysis
	Statistical analysis

	Results
	Patient characteristics
	Histogram analysis to differentiate HER2-positive breast cancer
	Histogram analysis to differentiate HR status and lymph node metastasis status in HER2-positive breast cancer
	IVIM and non-Gaussian diffusion parameters correlation with clinical TNM stage and Ki 67 index

	Discussion
	Conclusion
	Acknowledgements
	References




