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ABSTRACT

Objective: To assess the diagnostic accuracy of histogram analysis of diffusion kurtosis imaging (DKI) in breast
lesions.

Materials and methods: Our institutional review board approved this retrospective study. Seventy-two breast
lesions (30 benign and 42 malignant) in 71 patients were histopathologically confirmed. All breast lesions were
evaluated by 3.0-T diffusion-weighted imaging (DWI) with 4 b-values of 0, 500, 800, and 2000s/mm? and
dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI). Histogram analyses of conventional DWI
and DKI were performed using FireVoxel software for whole lesions. The parameters included apparent diffusion
coefficient (ADC), diffusivity (D), and kurtosis (K). The metrics of ADC and DKI parameters (D and K) for benign
lesions were compared with those for malignant lesions. The effectiveness of the ADC and DKI parameters (D and
K) for diagnosing breast lesions was analysed using receiver operating characteristic (ROC) regression models.
Results: For the malignant breast lesions, the mean, median, and 10th/25th/75th percentile values of ADC and D
were significantly lower, while the skewness of ADC and D were significantly higher in comparison of the benign
lesions(all p < 0.05). The malignant lesions had significantly higher mean, median, and 10th/25th/75th/90th
percentile K values than did the benign lesions (all p < 0.05). Within each set of parameters, the 10th percentile
ADC (Az = 0.752) and D, (Az = 0.834) coupled with the 75th percentile K (Az = 0.904) were the best metrics
for differentiating benign from malignant breast lesions. After comparing the parameters in pairs, the Az for the
75th percentile K was significantly higher than that for the 10th percentile ADC (p = 0.0321) in differentiating
benign from malignant breast lesions. When comparing the combination of the 75th percentile K and the 10th
percentile D (Az = 0.937) with the 10th percentile D, 75th percentile K and the mean K, a significantly higher Az
was observed for the combination than that for the 10th percentile D and the mean K (p = 0.0097 and
p = 0.0431, respectively). The diagnostic sensitivity and specificity of the combination of the 75th percentile K
and the 10th percentile D were 85.71% and 93.33%, respectively.

Conclusion: Histogram analysis of DKI can accurately reflect the histologic characteristics and heterogeneity and
is a reliable method for diagnosing breast lesions.

1. Introduction

characteristics of breast lesions. DCE-MRI has a high sensitivity but low
specificity because of the background parenchymal enhancement and

Breast cancer is one of the most common malignant tumours in
women worldwide. Magnetic resonance imaging (MRI) is increasingly
used in the clinic as an important imaging method for diagnosing breast
lesions. MRI has emerged as a powerful tool in the detection, diagnosis,
and staging of breast cancer [1,2]. Dynamic contrast-enhanced mag-
netic resonance imaging (DCE-MRI) is the most common MRI technique
to describe the morphological features and haemodynamic

overlap of kinetic enhancement patterns in benign and malignant breast
lesions [3-5].

As a functional method of MRI that can reflect the diffusion of water
molecules in living tissues, diffusion-weighted imaging (DWI) has been
demonstrated to be an effective adjunctive sequence to DCE-MRI [6]
and can improve the diagnostic accuracy of MRI in breast cancer. The
apparent diffusion coefficient (ADC), which is produced by using a
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Table 1
Breast MRI Sequences and Parameters.
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Parameter T, WI T,WI fat-suppressed DWI fat-suppressed DCE-MRI
T2WI

Sequence TSE TSE TSE/SPAIR EPI THRIVE

Orientation Axial Bilateral Axial Bilateral Axial Axial Axial
Bilateral Bilateral Bilateral

TR/ TE(ms) 677/8 4502/120 4645/70 5248/77 6.9/3.6

Bandwidth 224.3 335.0 220.6 38.9 949.8

Number of signals acquired 1 1 1 2 1

Matrix 400 x 400 512 x 512 512 x 512 288 x 288 512 x 512

Slice thickness(mm) 3 3 3 5 5

Slice spacing(mm) 0 0 0 0 -25

Imaging time (min) 1:05 1:00 3:56 8:39

B values(s/mm?) - -

1:54
- 0,500,800,2000

Note: THRIVE: T1 high resolution isotropic volume examination.

monoexponential fit, is a quantitative parameter reflecting the diffusion
behaviour of water molecules in conventional DWI for b-values less
than 1000s/mm?. Differences in the ADC between benign and malig-
nant breast lesions have been demonstrated in several previous studies
[6-11]. However, the ADC thresholds used to identify malignant and
benign breast lesions were variable in these studies. The inconsistent
ADC thresholds may have been due to the analysis models used. The
ADC is based on the assumption that the water diffusion follows a
Gaussian pattern, which results in a linear decay of the natural loga-
rithm of the DWI signal intensity as the b-value increases. However, as
the b-value increases, the logarithmic signal intensity decay plot no
longer maintains a linear shape but, rather, exhibits a distinct curvature
with a positive deviation from the plot of the monoexponential model,
which indicates that the water diffusion in biological tissues deviates
from Gaussian predictions, and thus, other models should be applied.
Diffusion kurtosis imaging (DKI), first presented by Jensen et al. in
2005, is an analytical model that describes the diffusive movement of
water molecules with a non-Gaussian distribution [12,13]. Previous
studies have demonstrated that DKI can well characterize water diffu-
sion in the brain, liver, kidney, bladder and prostate [14-18]. Ad-
ditionally, several studies used DKI to assess breast lesions and con-
cluded that DKI was more valuable than conventional DWI [19-21].

However, previous studies were limited to using the mean value of
DKI parameters based on a region of interest (ROI) from a single re-
presentative slice of a lesion or a smaller ROI in the highest signal re-
gion [19-21], which does not fully reflect the various biological het-
erogeneities of the whole tumour. Histogram analysis of the whole
breast lesion may offer multiple parameters to determine the distribu-
tion of quantitative parameters, including percentiles, minimal and
maximal values, kurtosis, and skewness, thus providing more in-
formation about the tumour heterogeneity than the mean values.
Therefore, histogram analysis may be used to better differentiate be-
nign or malignant tumours and guide clinical treatment.

This study aims to investigate the diagnostic efficiency of the his-
togram analysis of DKI parameters of the whole benign or malignant
breast lesion and to determine which DKI and ADC parameters can best
differentiate malignant from benign breast lesions using 3.0 T MRI.

2. Materials and methods
2.1. Patients

This retrospective study was approved by our institutional review
board, and the requirement for informed consent was waived. Between
October 2015 and May 2017, 198 women were pathologically diag-
nosed with breast lesions by core-needle biopsy or tumour resection
within two weeks after MRI. The following patients were excluded:
patients who had undergone prior neoadjuvant chemotherapy before
MRI, patients who had undergone core-needle biopsy before MRI,
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patients who had poor diffusion-weighted image quality, and patients
with lesions less than 1 cm in size. Therefore, a total of 71 female pa-
tients (median age: 41 years; range: 13-64 years) with 72 lesions were
included in this study. One patient had two benign lesions. Forty-two
(58.3%) lesions were diagnosed as malignant, and 30 (41.7%) lesions as
benign. The malignant lesions included 5 intraductal carcinomas in
situ, 35 invasive ductal carcinomas, 1 invasive lobular carcinoma, and 1
mucinous cancer. The benign lesions included 19 fibroadenomas, 6
granulomatous lesions, 1 benign phyllodes tumors, and 4 intraductal
papillomas.

2.2. MRI technique

Bilateral breast MRI examination was performed for all patients
with a 3.0T MRI scanner (Ingenia, Philips Medical Systems, the
Netherlands) and a dedicated sixteen-channel bilateral breast surface
coil. To-weighted, fat-suppressed T,-weighted, T;-weighted, DW and
DCE-MR images in the axial plane were obtained. DWI was performed
using single-shot spin-echo planar imaging (EPI) with 4 b-values of 0,
500, 800 and 2000s/mm? in the x, y and z directions. DCE-MRI was
performed with a fat-suppressed T; sequence before and after injection
of gadolinium chelate at a dose of 0.1 mmol/kg and a rate of 2.0 mL/s,
followed by flushing with 20 mL saline solution. We included 35 dy-
namics of the DCE imaging, and the total scan time of the DCE-MRI
lasted 8.39 min, with each dynamic scan lasting 14.8s. The MRI se-
quences and parameters are shown in Table 1.

2.3. Image analysis

Breast MR images were reviewed by two independent breast radi-
ologists with 9 years and 20 years of experience in breast MRI, who had
no warning of the specific pathological diagnosis results. Lesion fea-
tures were recorded according to the American College of Radiology
Breast Imaging Reporting and Data System (ACR BI-RADS) MRI lexicon
[22].

DW images were first analysed voxel-by-voxel using a mono-
exponential decay model with b = 0 and 800 s/mm? to produce ADC
maps. Kurtosis maps and diffusivity maps were produced from diffusion
kurtosis (DK) models with b-values of 0, 500, 800, and 2000 by using an
in-house software (FireVoxel; MATLAB). For the DK models, we ana-
lysed non-Gaussian water diffusivity by using the following equation: S
(b) =S0e(-bD + 1/6b?D?K), where S(b) is the DWI signal at a particular
b-value, SO is the baseline signal without diffusion weighting, D is the
apparent diffusion parameter for a non-Gaussian distribution, and K is
the apparent kurtosis coefficient. The edges of the lesions of interest
were located according to DWI and DCE-MRI. ROIs including the whole
tumour were manually drawn slice by slice on DW images with a b-
value of 800 s/mm?, avoiding necrosis, cystic changes, and large vessel
areas, and then copied onto the ADC, D and K maps. ROIs were drawn
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by two independent breast radiologists. Voxel analysis of each tumour
was performed, and the corresponding data were calculated using SPSS
software (version 20.0) for histogram analysis. The cumulative D, K and
ADC for the whole lesion were obtained from respective histogram
analyses. In this study, the histogram-derived parameters of D, K and
ADC were recorded as the mean, median, 10th, 25th, 75th, and 90th
percentiles (the nth percentile indicates the point at which n% of the
voxel values from the histogram are located to the left), skewness
(measure of asymmetry of a distribution), and kurtosis (measure of the
sharpness of the peak of a distribution).

3. Statistical analysis

SPSS (version 20.0) and MedCalc (version 15.0) were used for sta-
tistical analyses. Interobserver reliability for the ADC, D and K histo-
gram parameter measurements of the two researchers was assessed by
using the interclass correlation coefficient (ICC). The ICC was explained
as follows: poor agreement, 0.00 to 0.20; fair agreement, 0.21 to 0.40;
moderate agreement, 0.41 to 0.60; good agreement, 0.61 to 0.80; ex-
cellent agreement, 0.81-1.00. The Kolmogorov-Smirnov test was used
to check whether the measurement data followed a normal distribution,
and the data following a normal distribution were indicated as median
values. The differences in D, K and ADC parameters between benign
and malignant lesions were tested with independent-sample t tests. The
differences in skewness and kurtosis were tested with the Mann-
Whitney U test. The efficiency of D, K and ADC parameters in the di-
agnosis of benign and malignant breast lesions was analysed using a
receiver operating characteristic (ROC) regression model and quanti-
fied using the area under the ROC curves (Az). Comparisons between
the Az for histogram-derived parameters were performed with the
method described by DeLong et al. [23]. The diagnostic efficacies, in-
cluding sensitivity, specificity and Youden index, were generated based
on the cut-off point. p < 0.05 was considered statistically significant.

4. Results
4.1. Interobserver agreement

ICCs for measurements of ADC, D and K histogram parameters
which were calculated to assess the stability of parameters obtained by
the two observers are summarized in Table 2. Overall, the interobserver
agreement is excellent for the histogram-derived values including the
mean, median, 10%/25%/75%/90% percentiles ADC, D and K (ICC
range, 0.847-0.984), and good for the histogram-derived values of the
skewness and kurtosis of the all three parameters (ICC range,
0.695-0.774).
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Table 3
Histogram parameters of ADC, D and K in benign and malignant breast lesions.

Variable Benign(n = 30) Malignant(n = 42) P value
Histogram ADC (x 102 mm?/s)

Mean 1.34(1.13, 1.59) 1.10(0.99, 1.30) 0.005
10th Percentile 1.09(0.93, 1.24) 0.79(0.69, 0.92) 0.001
25th Percentile 1.26(1.04, 1.41) 0.94(0.84, 1.08) 0.001
Median 1.34(1.12, 1.60) 1.08(0.95, 1.26) 0.004
75th Percentile 1.50(1.22, 1.75) 1.22(1.09, 1.50) 0.016
90th Percentile 1.64(1.39, 1.94) 1.39(1.24, 1.67) 0.058
Skewness” 0.08(-0.37, 0.41) 0.43(-0.01, 0.76) 0.009
Kurtosis® 0.48(-0.16, 1.11) 0.38(-0.13, 1.17) 0.683
Histogram D (x 10~ ® mm?/s)

Mean 1.58(1.35, 1.89) 1.32(1.18, 1.45) 0.000
10th Percentile 1.26(1.03, 1.47) 0.85(0.76, 1.05) 0.000
25th Percentile 1.44(1.18, 1.70) 1.09(0.99, 1/17) 0.000
Median 1.60(1.34, 1.88) 1.31(1.14, 1.41) 0.000
75th Percentile 1.77(1.62, 2.06) 1.50(1.37, 1.73) 0.003
90th Percentile 1.98(1.71, 2.21) 1.74(1.53, 2.11) 0.059
Skewness” 0.04(-0.45, 0.40) 0.40(0.01, 0.69) 0.020
Kurtosis® 0.40(-0.23, 0.75) 0.31(-0.20, 1.28) 0.368
Histogram K

Mean 0.72(0.55, 0.80) 0.99(0.87, 1.04) 0.000
10th Percentile 0.49(0.33, 0.62) 0.74(0.59, 0.80) 0.000
25th Percentile 0.60(0.47, 0.69) 0.84(0.75, 0.90) 0.000
Median 0.69(0.55, 0.79) 0.97(0.88, 1.03) 0.000
75th Percentile 0.75(0.63, 0.92) 1.10(1.04, 1.22) 0.000
90th Percentile 0.80(0.68, 1.03) 1.25(1.15, 1.33) 0.000
Skewness” —0.11(-0.90, 0.51) 0.04(-0.62, 0.74) 0.392
Kurtosis® 1.85(0.10, 4.53) 0.85(0.25, 2.72) 0.416

Note: Unless otherwise specified, Data was median values. Numbers in par-
entheses were interquartile ranges. Date was analyzed by independent-sample t

test.

@ Data analyzed by Mann-Whitney U test.

4.2. Comparison of histogram-derived ADC, D and K values between benign
and malignant breast lesions

The median (interquartile range (IQR)) of all histogram-derived
parameters for both benign and malignant breast lesions is shown in
Table 3. Two representative cases from each group are shown in Figs. 1
and 2, respectively. Boxplots of the 10th percentile ADC, 10th percen-
tile D and 75th percentile K are shown in Fig. 3. For ADC and D, the
histogram-derived values including the mean, median, 10th/25th/75th
percentiles for malignant lesions were significantly lower than those for
benign lesions (all p < 0.05), but the skewness for malignant lesions
was significantly higher than that for benign lesions (p < 0.05). No
significant difference was found in the 90th percentile or kurtosis be-
tween benign and malignant lesions (all p > 0.05). Furthermore, the
malignant lesions had significantly higher K values than the benign

Table 2
ICC for measurements of ADC, D and K histogram parameters.
ADC Mean 10t 25th Median 75t 9ot Skewness Kurtosis
ICC 0.984 0.913 (0.861- 0.924 (0.879- 0.980 (0.968- 0.976 0.945 0.772 0.736
(0.974- 0.945) 0.953) 0.987) (0.962- (0.912- (0.635- (0.579-
0.990) 0.985) 0.965) 0.857) 0.835)
D Mean 10t 25th Median 75t 9oth Skewness Kurtosis
ICC 0.930 0.946 0.926 (0.882- 0.933 (0.893- 0.871 (0.793- 0.862 0.774 0.695
(0.888- (0.913- 0.954) 0.958) 0.919) (0.780- (0.638- (0.512-
0.956) 0.966) 0.914) 0.858) 0.809)
K Mean 10t 25t Median 75t 9ot Skewness Kurtosis
ICC 0.940 0.847 (0.756- 0.925 (0.881- 0.939 0.941 (0.906- 0.893 0.773 0.711
(0.904- 0.904) 0.953) (0.902- 0.963) (0.829- (0.637- (0.538-
0.963) 0.962) 0.933) 0.858) 0.819)

Note: *ICC = Interclass correlation coefficient. Numbers in parentheses are 95% confidence intervals.
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Fig. 1. A 64-year-old woman with invasive ductal carcinoma in her left breast. (a) Dynamic enhanced image, (b) Corresponding ADC image delineated through hand-
drawn RO, (c¢) Corresponding D image of the lesion, (d) Corresponding K image. Histogram of the lesion showed a lower ADC, D values and lager K values relatively.
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Fig. 2. A 21-year-old girl with a giant fibroadenoma in her right breast. (a) Dynamic enhanced image, (b) Corresponding ADC image delineated through hand-drawn
ROI, (c) Corresponding D image of the lesion, (d) Corresponding K image. Histogram of the whole lesion showed lager ADC, D values and lower K values relatively.
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Fig. 3. Boxplots show ADC10, D10, and K75 in benign and malignant lesions.

lesions in the histogram-derived mean, median, 10™/25%/75™ and 90
percentiles (all p < 0.05). However, no significant difference was ob-
served in the skewness or kurtosis of K between benign and malignant
lesions (all p > 0.05).

4.3. Diagnostic performance of histogram-derived ADC, D and K values for
benign and malignant breast lesions

The results of the ROC analysis to assess the diagnostic efficacy for
distinguishing benign from malignant lesions are summarized in Tables
4 and 5 and Fig. 4. Within each set of parameters, the 10th percentile
ADC and D, coupled with the 75th percentile K had the highest Az
values. When compared with their respective mean values, the 10™ and
25% percentile ADC, the 10" percentile D had significantly higher Az
values. The 75" percentile K also had a higher Az than did the mean K,
albeit without a significant difference. Comparing the Az of the mean
ADC, mean D and mean K revealed that the mean K had a significantly
higher Az than that of the mean ADC (z = 2.409, p = 0.0160).

As shown in Fig. 4d, we compared the best ADC, D and K histogram-
derived parameters (the 10" percentile ADC, 10™ percentile D, and 75"
percentile K). The 75H percentile K showed the highest Az (Az = 0.904)
among the best three parameters, and compared to the 10'" percentile
ADC, this advantage was statistically significant (z = 2.143,
p = 0.0321). Moreover, the Az (Az = 0.937) for the combination of the
75% percentile K and the 10" percentile D which were derived from the
same DKI model was significantly higher than that for the 10™ per-
centile D and mean K (z = 2.587, p = 0.0097; z=2.023, p = 0.0431).
The Az for the combination of the 75" percentile K and the 10 per-
centile D was also higher than that for the 75% percentile K, although
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Table 4
Diagnosis efficiency of histogram parameters of ADC, D and K for benign and
malignant breast lesions.

Variable Az Sensitivity ~ Specificity Youden 95%CI
index
Histogram ADC
Mean 0.690 73.81 70.00 0.4381 0.570-0.794
10th® Percentile 0.752 78.57 76.67 0.5524 0.637-0.847
25th Percentile 0.729 73.81 73.33 0.4714 0.612-0.827
Median 0.697 73.81 70.00 0.4381 0.577-0.800
75th Percentile 0.671  69.05 66.67 0.3571 0.550-0.777
Skewness 0.674 50.00 80.00 0.3000 0.553-0.780
Histogram D
Mean 0.749 83.33 70.00 0.5333 0.633-0.844
10th" Percentile 0.834 71.43 86.67 0.5810 0.728-0.911
25th Percentile 0.800 80.95 73.33 0.5429 0.689-0.885
Median 0.763 83.33 70.00 0.5333 0.649-0.856
75th Percentile 0.694 66.67 73.33 0.4000 0.575-0.798
Skewness 0.683 64.29 66.67 0.3095 0.562-0.787
Histogram K
Mean 0.875 83.33 83.33 0.6667 0.775-0.941
10th Percentile 0.784  69.05 83.33 0.5238 0.671-0.872
25th Percentile 0.832 76.19 86.67 0.6286 0.725-0.910
Median 0.894 90.48 83.33 0.7381 0.799-0.954
75th” Percentile 0.904 85.71 93.33 0.7905 0.811-0.961
90th Percentile 0.863 83.33 86.67 0.7000 0.762-0.933
75thK + 10th 0.937 85.71 93.33 0.7905 0.854-0.981
D

Note: Date was percentage.
@ With the highest values in Az.
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Table 5

Comparison of Az of ADC, D and K histogram parameters of differentiating

breast lesions.

ADC Mean 10t 25" Median ~ 75% Skewness

Az 0.690 0.752 0.729 0.697 0.671 0.674 (0.554-
(0.570- (0.636- (0.612- (0.577- (0.550- 0.780)
0.794) 0.846) 0.827) 0.800) 0.777)

Z value Ref 2.316 2.531 0.996 1.144 0.203

P value Ref 0.0206 0.0114 0.3194 0.2526 0.8393

D Mean 10t 25% Median 75 Skewness

Az 0.749 0.834 0.800 0.763 0.694 0.683 (0.562-
(0.633- (0.728- (0.689- (0.649- (0.575- 0.787)
0.844) 0.911) 0.885) 0.856) 0.798)

Z value Ref 2.109 1.634 1.536 2.890 0.842

P value Ref 0.0350 0.1022 0.1245 0.0038 0.4000

K Mean 10™ 25t Median 75t 90t

Az 0.875 0.784 0.832 0.894 0.904 0.863
(0.775- (0.671- (0.725- (0.799- (0.811- (0.762-
0.941) 0.872) 0.910) 0.954) 0.961) 0.933)

Z value Ref 2.097 1.441 1.155 1.816 0.316

P value Ref 0.0360 0.1495 0.2480 0.0693 0.7519

Note: Numbers in parentheses were 95% confidence intervals. Ref = reference

value.

this difference was not statistically significant (z = 1.262, p = 0.2070).
The diagnostic sensitivity and specificity of the combination of the 75
percentile K and the 10™ percentile D were 85.71% and 93.33%, re-
spectively.
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5. Discussion

The diagnosis and classification of breast lesions using mammo-
graphy and ultrasound have always been a major challenge, especially
for close fibroglandular breasts [24]. As a new non-invasive functional
imaging technique for breast examination, MRI has been increasingly
used in clinical practice. DCE-MRI is the most common MRI technique
in differential diagnosis of breast lesions. DWI has been shown to be an
effective adjunctive sequence to DCE-MRI [6].

DWI is a common MRI technique to describe the extent and direc-
tion of water diffusion in a tissue. Standard DWI requires acquisition of
only two b-values for the calculation of ADC. In clinical body imaging,
DWI is typically practised by using b-value up to 800-1000 s/mm? and
then a monoexponential that assumes Gaussian diffusion is used for
quantification [25]. Nevertheless, DWI often reveals the presence of
non-Gaussian diffusion at ultrahigh b-value. At this point, the DK model
is used to provide more potential information on tissues than that
provided by standard monoexponential analysis for b-values greater
than 1000s/mm?. DKI requires the acquisition of at least three diverse
b-values including at least two b-values both above and below 1000s/
mm?on account of an additional unknown variable (K) within the for-
mula and to facilitate the successful capture of the non- Gaussian be-
havior. In fact, it makes sense to avoid using too many b-values because
of the imaging time [13]. In our study, we used b-value of 0 and 800 s/
mm?to produce ADC maps, and 4 b-values of 0, 500, 800 and 2000s/
mm?to perform DK model analysis. It is also important for DKI to
choose the maximal b-value. When the maximal b-value is not enough,
we cannot capture the deviation of the curvature of the signal intensity
(SI) decay plot away from Gaussian and the ability of the sequence to
measure non-Gaussian diffusion behaviour declines dramatically [26].

100 —
80 |-
2 60
= L
s L
= -
<
@ 400
L —— Dmean
- — D10
20 |- — D25 )
gl | Dmedian
- - D75
0 B —— Dskewness
IlJlllllllllIlllllll
0 20 40 60 80 100
100-Specificity
100 |~ =
80—
= 60
= 3 ot
5|
Ao40f- ||
i
B i — K75+D10
20 = ; — K75
: —— Kmean
————— D10
-+ ADCI10
0 I L1 I L1l I | I L1l I 1Ll I
0 20 40 60 80 100

100-Specificity

Fig. 4. Comparison of ROC of histogram parameters of ADC, D and K, the 10th ADC, the 10th D and the 75th K have the largest Az for differentiating malignant from
benign lesions in their individual histogram parameter group. The 75th K with the 10th D has the largest Az among all histogram parameters.
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However, if high b-value exceeds 3000 s/mm?, the measurement of SI
will violate assumptions of the DK model so it is discouraged
[12,13,27-29]. Most scholars used a maximal b-value of 1500-2000 s/
mm? in body DKI, and could successfully capture non-Gaussian beha-
viour of the SI decay plot [13,17,30]. Simultaneously, in order to
maintain sufficient signal to noise ratio (SNR), the ultrahigh b-value
cannot be too high. So, in our study, we take the b-value with a max-
imum value of 2000s/mm?for breast DKI and also double the signals
acquired for the better SNR of the ultrahigh b-value DWI.

Previous studies were limited in using the mean or median values of
DKI parameters based on an ROI from a single representative slice,
which may dilute or even mask small but important differences be-
tween different disease entities. Additionally, these parameters may not
accurately describe the intrinsic characteristics and heterogeneity of the
entire lesion. This study is the first work to investigate the performance
of whole-lesion histogram analysis, including all voxels from the entire
lesion, which reflect the heterogeneity of the lesions.

The mean values of ADC, D and K have been investigated in pre-
vious studies [19,22,31]. These studies showed that malignant breast
lesions had lower mean ADC and D and higher mean K values than
benign breast lesions. Our results were consistent with those of the
above studies, indicating that the microstructure of malignant tumours
is more complicated than that of benign lesions and that the movement
of water molecules in malignant tumours is more restricted than that in
benign lesions. In addition, previous research [19,30,31] has shown
that the mean K has a greater diagnostic efficacy than the mean ADC.
We obtained similar results (z = 2.409, p = 0.0160). This finding
showed that the DK model was more accurate than the conventional
ADC for diagnosing breast lesions. The conventional ADC is based on
the assumption that water diffusion follows a Gaussian distribution. In
fact, in tissues, the destruction of the microenvironment, cellularity,
and cell membrane integrity prevent water molecules from spreading
and lead to a non-Gaussian distribution. The DK model can describe
water diffusion as a non-Gaussian distribution, and it may reflect
physiologic and morphologic changes associated with breast lesions
more precisely than the conventional DWI. Usually, malignant lesions
have more complex and heterogeneous microstructures than benign
lesions, which is the basis of distinguishing malignant lesions from
benign lesions for K value.

In our study, the 10™ percentile ADC and the 10" percentile D,
coupled with the 75" percentile K yielded the highest Az among their
respective groups for differentiating benign from malignant breast le-
sions. The results were consistent with those of previous studies ana-
lysing histogram-derived ADC and DK values [18,30,31]. Liu et al. [30]
also found that the 10™ percentile ADC demonstrated the best perfor-
mance in differentiating benign from malignant tumours among all
histogram-derived values of the conventional ADC. Suo et al. [31]
found that the minimum ADC demonstrated the best accuracy in the
identification of breast lesions. We did not use minimum and maximum
values because the minimum and maximum ADC values might be more
susceptible to outliers resulting from noise, handling, and adjacent
structures. Wang et al [18] found that the 10™ percentile D and 9o
percentile K have relatively higher Az in the DKI model in differ-
entiating low-grade of prostate cancer (LG-PCa) from high-grade of
prostate cancer (HG-PCa). These results may be due to the hetero-
geneity of the tissue lesion. The lower percentiles of ADC and D coupled
with the higher percentiles of K can better capture the nature of the
most aggressive components in the lesion, which are densely packed
with malignant cells. These results indicated that histogram analysis
could accurately reflect the histologic characteristics and heterogeneity
of breast lesions and could provide more parameters other than the
mean values to distinguish malignant breast lesions from benign le-
sions, and some of those histogram-derived parameters may be more
useful than the mean values.

Furthermore, among the three best parameters (the 10® percentile
ADC, the 10™ percentile D and the 75" percentile K), the 75%
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percentile K had the highest Az. The Az for the 75" percentile K was
significantly different from that for the 10™ percentile ADC. These
findings were consistent with previous findings about prostate DKI
study which demonstrated that the 90" percentile K had substantial
advantage against the 10™ ADC for dominantly higher Az [18]. The
results indicated that the malignant breast lesions had more compli-
cated and heterogeneous microstructures than the benign lesions, and
the difference of the distribution of this complexity and heterogeneity
between the malignant lesions and the benign lesions might be more
prominent than that of the cellularity, so it might be more useful in the
differential diagnosis of the breast lesions. Additionally, our study in-
dicated that the combination of the 75" percentile K and the 10
percentile D which were derived from the same DKI model could im-
prove the diagnostic efficiency, and was superior to any of the para-
meters alone, this made the histogram analysis of DKI have more
dominance in differential diagnosis of the malignant and benign breast
lesions than the histogram analysis of the conventional DWI which had
only one set of parameters. The results indicated that the DKI para-
meters may reflect physiologic and morphologic changes associated
with breast lesions more precisely than the conventional DWI. DKI
might add valuable indications of microstructural changes to conven-
tional DWI for the identification of breast lesions. In turn, it demon-
strated that the DWI signal decay in breast tumors does not follow a
simple monoexponential mode, and it was necessary to use DK mode to
describe the diffusive movement of water molecules with a non-Gaus-
sian distribution.

Our study has several limitations. First, it was a retrospective study,
the sample size was small, and there were only a few types of breast
lesions. The majority of benign lesions were fibroadenomas, and the
majority of malignant lesions were invasive ductal carcinomas, with
few cases of other types of breast lesions. All breast lesions included in
the study were more than 1 cm in size. All of these factors may have led
to a sample selection bias. Second, all parameters in this study were
calculated by manually drawing the ROIs, which may have resulted in
an inconsistent ROI between parameters. Our study is the first work to
investigate the performance of the histogram parameters derived from
DK model in diagnosing breast lesions, and it still needs a larger sample
size and in-depth study in the future.

6. Conclusion

Our study indicated that the whole-lesion histogram analysis of DK
models could accurately reflect the histologic characteristics and het-
erogeneity of breast lesions, and the multiple parameters of DKI de-
monstrated a higher diagnostic efficiency than the respective mean
values. The 10" percentile ADC, the 10% percentile D and the 75
percentile K demonstrated the highest diagnostic efficiency in their
respective groups. Furthermore, among all histogram-derived DKI and
ADC parameters, the 75% percentile K was the best metric for differ-
entiating malignant from benign breast lesions. The combination of the
75% percentile K and the 10 percentile D could improve the diagnostic
efficiency. Hence, histogram analysis of DKI was more accurate and
effective than histogram analysis of ADC. Therefore, histogram analysis
of DKI is a reliable method for diagnosing breast lesions.
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